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Abstract 
Tasmania, Australia, is currently undergoing a period of agricultural expansion 
through the development of new irrigation schemes across the State, primarily to 
stimulate the economy and ensure future food security.  As at June 2015, 19 new 
irrigation schemes had been commissioned; 12 operational, 2 under construction, 
and 5 in planning (Tasmanian Irrigation 2015). The Tasmanian State Department of 
Primary Industries Parks Water and Environment (DPIPWE) identified a requirement 
for land suitability assessment of a range of enterprises, requiring comprehensive 
soil and climate data within the irrigation areas to better inform, target and 
stimulate irrigated expansion, diversification and intensification.  Existing, 
traditionally-derived polygonal soil mapping of generalised soil types (rather than 
soil attributes) was only available for partial areas of the state at scales too coarse 
for use with the required regional applications; there was an immediate need for 
expanded and appropriate resolution spatial soil attribute data. 
‘Operational Progression of Digital Soil Assessment for Agricultural Growth in 
Tasmania, Australia’ is concerned with adapting and operationalising quantitative 
approaches for regional land evaluation within these schemes, constrained by 
DPIPWE operational time-frames and resources; specifically the practical application 
of digital soil mapping (DSM) into operation.  In synopsis, the thesis reviews and 
describes previous efforts to operationalise DSM and interpretation of DSM, DSA 
(Digital Soil Assessment); describes and reviews past approaches to operational soil 
mapping and some of the popular DSM, DSA and land suitability approaches in the 
literature;  tests and describes the difficulties in applying rigorous and statistically 
valid DSM sampling approaches in an operational field campaign, including the 
development of adaptations and solutions; describes the development of expert-
based qualitative field descriptions into the quantitative DSM framework as a cost-
effective and rapid alternative to expensive soil field measurements of certain soil 
properties (for example, coarse fragments and drainage); documents and discusses 
the methods and presentation of results for a 70,000 ha pilot study of DSM and land 
suitability; illustrates, as an operational expansion of the pilot DSA study, the use of 
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legacy data to develop first-version soil grids across the entire state of Tasmania; 
developing estimates of modelling uncertainty; choosing and manipulation of 
effective covariates to minimise mapping artefacts; and finally, the operational 
assimilation of DSM into DSA for land suitability, and development of a spatial 
measure of agricultural versatility and capital across the entire State of Tasmania. 
DSM had not previously been applied or tested in Tasmania; the research examines 
and validates DSM approaches with respect to the State’s unique and complex soils 
and biophysical interactions with climate and terrain, and how these apply to various 
agricultural land uses.  The thesis is a major contribution to the methodology and 
development of one of the first government-funded operational DSA programs, and 
forms a framework for this type of DSM approach to be used in future operational 
land evaluation elsewhere. 
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Thesis Synopsis 
This Thesis is concerned with the practical application of the digital soil mapping 
(DSM) framework into Government-commissioned operational land evaluation, 
specifically to identify suitable areas for a range of enterprises under agricultural 
expansion and intensification into newly established irrigations schemes in 
Tasmania, Australia.  The research and application advances the work of Malone 
(2012), who developed a suite of practicable soil methodologies for delivering digital 
spatial soils data to end users, and tests and adapts some of the approaches into a 
true operational or ‘real-world’ situation, as was recommended for future work.  The 
outcomes of the following research was ultimately to apply a previously and a largely 
research-oriented DSM approach to produce land suitability mapping, linking the soil 
grids developed with parallel research undertaken by Webb et al. (2015; 2014) in 
developing climatic grids as additional suitability parameters. 
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Summary 
The thesis reviews and describes previous efforts to operationalise DSM and DSA 
(Digital Soil Assessment); some of the popular land suitability approaches; the 
difficulties of applying rigorous and statistically valid DSM sampling approaches to an 
operational field campaign and the adaptations and possible solutions; applying 
expert qualitative field soil descriptions to the quantitative DSM framework as a 
cost-effective and rapid alternative to expensive soil field measurements of certain 
soil properties, while effectively spatially extrapolating soil-expert knowledge across 
the landscape into continuous raster-based mapping products;  the methods and 
presentation of results of the DSM land suitability approach applied in the 
Tasmanian context; using legacy data to develop soil grids across the entire state of 
Tasmania with appropriate uncertainties of predictions, addressing covariate 
challenges and mapping artefacts; and recommendations for future DSM application 
to operational land resource assessment.  Finally, the operational integration of DSM 
into a DSA for land suitability, and assessment of agricultural versatility and capital is 
described. 
Chapter Summaries 
Chapter 1 
Chapter 1 provides a review of the literature and approaches to land resource 
assessment as descriptive background to the research developed for this thesis, why 
this research was necessary, what research questions are asked and being 
addressed, and the unique contribution this thesis provides in describing the first 
major operational DSA undertaken in Australia (if not the World), with particular 
application of the science to the distinctive and complex soils and terrain of 
Tasmania.  Some of the basic procedures for creating ‘traditional’ soil maps are 
described, the pros and cons of such methods, and how the mapping products are 
enhanced using DSM.  The resistance by the Australian soil science community to 
operational DSM and its applied research is discussed, with review of operational 
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examples of DSA and the directions this science is heading, and the globally and 
nationally significant DSM projects providing impetus to DSM research. 
Chapter 2 
A fundamental component of applying DSM to new areas is soil sampling.  Chapter 2 
describes and tests some of the popular and statistically rigorous DSM sampling 
strategies by applying them to an operational field sampling campaign.  This is 
specifically assessed by comparing the distribution of the covariate values to the 
overall covariate distribution of the study area.  The chapter quantitatively presents 
the number of locations that were not able to be sampled due to access constraints 
in the field, and argues the case for a more flexible approach that will adequately 
sample the covariate feature space, while improving site access and ultimately 
increase soil sampling rates to meet project operational time and resource 
constraints.  The chapter describes using fuzzy k-means of covariates as stratification 
for both sampling and validation, and applying a stratified random sample while 
allowing the field operatives the flexibility to move the pre-determined location 
within each cluster.  The results of this approach are compared to alternative DSM 
sampling methodologies (specifically ‘conditioned Latin Hypercube sampling 
(Minasny and McBratney, 2006) and random sampling) to test covariate 
representation and ease of sampling, and examines the pros and cons of introducing 
human subjectivity-bias into the DSM sampling regime. 
Chapter 3 
Chapter 3 investigates the application of soil-expert landscape knowledge (in the 
form of qualitative field observations from the site data collected in Chapter 2) 
directly into the quantitative DSM framework.  A qualified soil scientist (usually 
certified practicing soil surveyor in Australia) has the ability to understand and read 
complex soil-landscape interactions and apply standard qualitative soil property class 
estimates such as stone content, colour, soil permeability and drainage.  This 
reduces the need to undertake expensive and resource-intensive, quantitative field 
measurements such as stone counts and soil hydrological measurements using field 
or laboratory apparatus (McKenzie et al., 2002).  Much of this recorded qualitative 
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data resides in existing state government soil databases and is readily accessible; 
therefore this approach can be applied to other parts of Australia or countries where 
similar data exists.  The chapter demonstrates that the numerical ordinal soil 
drainage class system used in Australia can be spatially modelled as both categorical 
and numerical ‘index’ digital soil maps. This type of data can therefore be applied to 
quantitative DSM to provide useful and realistic spatial soil attribute predictions, 
effectively applying expert soil-landscape knowledge to the modelling process.  This 
not only reduces the time and expense in undertaking catchment resolution land 
evaluation, but presents functional maps that are consistent with the terminology 
and drainage class system used and understood by the end-users of spatial soil 
information in Tasmania, such as agricultural consultants, environmental planners, 
modellers, and ecosystem researchers.   
Chapter 4 
Chapter 4 describes and presents the applied DSM and DSA research that was used 
in the enterprise suitability assessment of two Tasmanian pilot areas totaling 70,000 
ha.  These pilot areas were located in the recently commissioned central Midlands 
and Meander irrigation schemes.  A total of 930 newly sampled and described soil 
sites (described in Chapters 2 and 3) were used in conjunction with a suite of 
available spatial covariates to produce a series of 30 m resolution digital soil maps, 
which were incorporated into a suitability model as parameters for the land 
suitability assessment.  The chapter presents the results and methodological 
adaptation of several DSM approaches to enable fitting theory to operational needs, 
and a conventional land evaluation approach applied to DSA.  
Chapter 5 
Chapter 5 describes the integration of newly collected and legacy soil sites to apply 
DSM across the whole State of Tasmania, expanding upon the pilot project described 
in Chapter 4.  The success and interest of the pilot project outcomes resulted in a 
new State Government program of operational DSM in Tasmania for DSA, along with 
an opportunity to collaborate and contribute to the TERN (Terrestrial Ecosystem 
Research Network) Soil and Landscape Grid of Australia and GlobalSoilMap 
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programs.  A suite of state-wide DSM grids at 80 m resolution of standard soil 
properties and depths were generated, along with upper and lower prediction limits 
as uncertainties. The chapter outlines the applied research used to develop the 
spatial grids, the selection, adaptation and development of covariates, modeling 
approaches, generation of uncertainties, validation diagnostics, and discussion and 
resolution of issues such as mapping artefacts and evaluating the DSM products in 
terms of Tasmania’s unique and complex soil-landscapes.  Appendix 1 in this chapter 
includes a poster presentation from the 20th World Congress of Soil Science, June 
2014, Jeju, Korea, which provides a visual summary of the methodology and outputs.  
Chapter 6 
Chapter 6 describes the application of various interpretations to the DSM grids 
presented in Chapter 5, combined with climate and market information to the whole 
state, building upon and expanding the research presented in Chapter 4 as a Digital 
Soil Assessment (DSA) to produce spatial estimates of agricultural suitability, 
versatility and capital.  20 suitability surfaces were produced, and then combined to 
spatially depict the more agriculturally versatile areas of the State as an ‘Enterprise 
Versatility Index’ (EVI).  Market information in the form of agricultural gross-margins 
analysis was integrated into the suitability assessment for each enterprise, then 
combined to produce a ‘Median Potential Gross Margins’ (MPGM) map of Tasmania, 
providing a method of identifying the highest-valued agricultural land to guide 
investment or protection for food security. 
Chapter 7 
Finally, Chapter 7 describes the synthesis of the research undertaken in this thesis, 
the various research questions asked, how these were answered, and overall 
conclusions pertaining to the application of DSM and DSA to an operational 
framework.  The pros and cons of some of the applied research is discussed, as well 
as recommendations for future research and evolution in an operational context, 
and a brief comparison of the costs of the DSM against comparable traditional 
mapping.   
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Figure 1 shows the Thesis Chapter’s relational structures and demonstrates the 
development of the research into an operational framework. 
 
 
 
Figure 1. Thesis Structure and Chapter Linkages 
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Thesis Unique Contribution 
The thesis contributes to the development of a framework for the first operational 
DSA undertaken in Australia.  DSM has not previously been applied or tested in 
Tasmania; the Thesis also tests and validates DSM and DSA approaches with the 
State’s unique and complex soils and terrain, and the operational implementation of 
such methods into State Government agency land evaluation. 
 
Thesis Background 
This research is linked with other past and present PhD research undertaken at the 
University of Sydney, specifically; 
• Brendan Malone – incorporates much of the methodology presented in this 
research, and applies it in an operational context (Malone, 2012). 
• Mathew Webb (DPIPWE) – Various resolution air temperature modelling 
(temporal and spatial) with integration of the DSM outputs described in this 
Thesis, for land suitability in Tasmania. 
• Ross Searle (CSIRO) – Research towards biophysical modelling application 
using DSM. 
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Introduction 
Since humans first developed the foundational concepts of agriculture, specifically 
the process of planting, growing and altering or adapting to the natural environment 
to host horticultural food crops for human or livestock consumption, the 
fundamental question; “What specific crops will grow here, or where will a specific 
crop grow” has been asked.  In addition to the environmentally correlated climate, 
terrain, water availability, and distance to markets, the central key to answering 
these questions is the soil, specifically its chemical and physical properties.  For 
example, how much water will the soil hold, how quickly will it drain, how stony it is, 
its acidity, its depth, its nutrient makeup, and its texture (or workability) are all 
important characteristics that determine what can grow, how well it can grow and 
yield. 
The historical understanding of soil and its perceived importance is well studied and 
documented.  Archeological evidence of agricultural practices indicating an 
understanding of the interactions between soil and crops date back to 11,000 BP; 
specific maps depicting this knowledge appeared from the 18
th
 century in Europe 
(Brevik and Hartemink, 2010).  In Australia there has been a productive history of soil 
survey and mapping, with technical reports on soil investigations first published in 
1845 consisting of descriptions of 41 different New South Wales and Van Diemen’s 
Land (Tasmanian) soils (Lee, 1998).  Primarily establishing the identification of 
suitable agricultural land for vegetation clearing and expansion, the first regional 
surveys were undertaken by Jensen (1914) in New South Wales.  The CSIRO Division 
of Soils pioneered and delivered much of Australia’s soil survey between the 1920s 
and 1960s.  Tasmanian mapping consisted of reconnaissance-level soil surveys 
undertaken by CSIRO Division of Soils, Adelaide between 1940 and 1967, comprising 
1:63,360 scale soil mapping, reports, site descriptions and analytical samples.  These 
maps and reports were updated to new standards and harmonised by the Tasmanian 
Department of Primary Industries Parks Water and Environment (DPIPWE) between 
1997 and 2001, and re-published at a scale of 1:100,000 (Spanswick and Kidd, 2000).  
These maps either show polygons of major soil types as a conceptual amalgamation 
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of a range of soil chemical and physical attributes that are subjectively thought to 
occur within similar geological or topographical landscape features, or associations 
of regularly repeating major and minor soil types within terrain sequences.  Due to 
the limitations of scale by site density (McKenzie et al., 2008), these association and 
type maps do not delineate minor and major soil components; therefore land 
evaluations based on deriving soil property information from these products has to 
rely on techniques such as ‘area-weighted means’, introducing high uncertainties, 
un-realistic values and extents. 
The capacity to produce quantitative, continuous soil mapping using a raster 
approach has proceeded rapidly over the last decades due to advances in modelling 
techniques, aided by immense gains in computing power (McBratney et al., 2003).   
The advancements have continued rapidly to present day, where the substantial 
undertakings of GlobalSoilMap (Arrouays et al., 2014), including the Soil and 
Landscape Grid of Australia contribution; Grundy et al. (2012), are developing a 
comprehensive suite of spatially gridded soil properties of standard depths across 
the whole world in response to food and water security and a changing climate.  This 
demonstrates the identified requirement for better soil information, but also raises 
important research questions. 
The Need for Better Soils Information: A Tasmanian Perspective 
Requirements for more specific soils information became evident in Tasmania in 
2010 through the development of the ‘Wealth from Water Project’ (Kidd et al., 
2012), which identified the need for comprehensive spatial soil attribute data for 
land (or enterprise) suitability assessment 
(http://dpipwe.tas.gov.au/agriculture/investing-in-irrigation).  The existing soil 
information was outdated, incomplete in coverage, (Figure 2), requiring soil 
properties to be derived from modal soil types or soil profile classes (McKenzie et al., 
2008), at a scale not suitable for sub-catchment land suitability assessment (required 
to at least 1:50,000 scale).  Consequently, the applied research presented here is 
focused within a Tasmanian context to provide answers for a specific need, that is, 
the provision of an enhanced product to deliver comprehensive, functional soils 
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information, and to test and adapt the most appropriate methodologies that will be 
compatible with State Government Agency land evaluation as an operational 
framework.  This framework would be applicable to other States (and Territories) 
and Agencies of Australia, and around the world. 
Innovation in Tasmanian Agriculture 
Professor Jonathan West (2009) was commissioned by the Tasmanian Government 
to research and develop an ‘innovation strategy’ to promote economic growth in 
Tasmania.  In assessing Tasmania’s agricultural potential, West noted that where 
appropriate soil types occur, empirical evidence showed that low-productive land 
could be transformed into high-value agriculture with the addition of adequate 
water.  An example of an earlier irrigation scheme in the Coal River Valley region of 
the state showed that a combination of ideal soil and climate, coupled with a source 
of reliable irrigation water had the potential to stimulate economic change, leading 
to intensification and diversification of regional agriculture.  West stated “The 
history of the transition to higher value agricultural and intensive horticulture in the 
Coal River Valley illustrates the value of reliable and accessible information about 
potential markets and production requirements of specific crops”.  West’s 
innovation strategy research and recommendations were the main impetus for the 
Tasmanian Government’s recognition of the need for developing enhanced soil and 
climate data using innovative approaches, the commissioning of new irrigation 
schemes across the state, and a program of land suitability mapping to better target 
and stimulate appropriate agricultural enterprises within these new schemes.  
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Figure 2. Existing Large Coverage Soil Mapping, Tasmania 
 
However, the resources available to the Tasmanian State Government at the time 
would either only allow small areas to be mapped using a conventional approach, or 
larger areas at a broader scale; there was a need to identify and test methods that 
would enable an approach that allowed objective mapping of soil properties directly; 
some measure of validation; continuous (and more realistic) mapping of soil 
properties; and at a resolution that would inform the land suitability questions at the 
landscape (or sub-catchment scale), all within allocated budgets.  After undertaking 
research to identify alternative soil mapping methods, in conjunction with the 
National directives of the Australian Collaborative Land Evaluation Program (ACLEP) 
to adopt and develop predictive spatial modelling techniques of soil properties, 
applied DSM research was tested and applied to the operational Wealth from Water 
pilot project (see Chapter 4).  In consideration of the global collaborative effort to 
deliver GlobalSoilMap, and in review of the recent literature on the production of 
improved soil information delivery methods, DSM had emerged as a genuine 
solution.  Until recently however, most DSM application and research has been 
largely theoretical, applied mainly at universities to legacy soil data, or tested within 
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small study areas (Carré et al., 2007).  Increasingly, this science is now being adopted 
more into operational endeavors, as discussed in Chapter 1. 
DSM is a quantitative spatial predictive approach encompassing many scientific 
disciplines, for example, geo-statistics, pedology, spatial modeling, computer 
programing and Geographical Information Systems (GIS).  Its main focus is 
developing sound mathematical relationships between available spatial covariates 
such as terrain, vegetation and remotely-sensed products, with geo-referenced soil 
types or attributes (field sites).   
Applying detailed soil property information to suitability mapping provides an 
indication of areas most likely to support the agricultural activity of interest.   There 
have been many approaches developed that attempt to answer the question of 
suitability.  A common method is the most-limiting factor approach (Klingebiel and 
Montgomery, 1961), based on Liebig's law of the minimum, where if one input 
parameter, for example, soil pH, is unsuitable, the overall suitability rating for that 
location becomes unsuitable, that is, the overall suitability rating is only as high as 
the least-suitable parameter.  This maybe a considered a punitive evaluation, as 
limiting parameters such as pH can be mitigated somewhat by practices such as lime 
application; this soil requirement could therefore be considered a ‘soft’ limitation.  
Soil properties such as depth of soil to bedrock would be considered a ‘hard’ 
limitation, as there would be few economically feasible management options 
available to overcome this limitation to productivity.  The hard and soft limitations 
inherent in a most-limiting factor mapping approach demonstrates the shortcomings 
of these types of suitability methods.  Alternative methods have included multi-
criteria approaches using a weighted or scaled approach to input parameters 
(Pereira and Duckstein, 1993), and fuzzy classification of input parameters to reduce 
misclassification due to continuous soil variations (Burrough et al., 1992); however 
this problem can be lessened when incorporating the continuous soil property maps 
developed using DSM. 
The material presented in this thesis is concerned with applying theoretical and 
applied research pertaining to DSM and land suitability and its incorporation into 
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operational land evaluation activities. The term ‘operational’ is usually applied in 
relation to an activity, or in the context of something that is working.   In soil science, 
specifically DSM, it has become a popular term pertaining to the ‘real world’, that is, 
applying the science to practical situations; something that is tangible, with outputs 
provided to a large population audience that has the potential to use and apply 
these outputs.  In this instance, outputs are spatial soil grids informing land 
suitability maps, freely available and deliverable to the general public, targeting 
specific end-users, including environmental modelers, farmers (and their 
consultants), researchers, planners and investors. 
The Research problems that this thesis addresses are primarily concerned with 
developing an operational land suitability assessment in new irrigation areas in 
Tasmania; 
1. What is the best approach to generate maps of soil properties that fit within 
a given land suitability framework in a pilot area, with limited time and 
resources? 
2. A budget is provided for new soil sampling; how and where should this 
sampling be done, with respect to question 1? 
3. Is it possible to use standard expert soil descriptions to provide inputs of 
certain soil properties, rather than expensive and slow field measurements?  
4. Can the above methods of soil attribute mapping be expanded to broader 
areas, using existing (legacy) soil data to reduce costs? 
5. Can the suitability assessment be applied to the whole state of Tasmania? 
6.  Can this provide an indication of the most valuable agricultural land? 
More specifically, the following questions are addressed in subsequent chapters; 
1. Can we develop an operational sampling approach that will allow efficiencies 
in field work, while still providing an appropriate representation of the 
covariate distributions? 
2. Some field measurements can be expensive and time consuming to collect.  
Can we use qualitative, expert based field descriptions of some soil 
properties, for example, soil drainage and stone content within a quantitative 
DSM framework to produce realistic and useful functional predictions, while 
reducing time and sampling expenses? 
3. Using a 70,000 ha pilot case to test the application of the above sampling 
design, expert-based predictions, and existing DSM technologies, can we 
xxi 
 
demonstrate a suitable methodology for making DSM predictions using newly 
collected soils data, that will adequately produce land suitability maps for a 
required 20 agricultural enterprises? 
4. Can this methodology, and existing DSM theory be applied, along with the 
newly collected soils data from question 3, to legacy soils data held by the 
Tasmanian State government to produce meaningful and function soil 
attribute maps at an appropriate resolution across the entire state? 
5. And finally, test the application of the state-wide functional soil grids into a 
Digital Soil Assessment (DSA) of land suitability assessment, integrating 
climate and market data, for the 20 agricultural enterprises. 
The research aims of this thesis are therefore; 
1. Apply, test and adapt a range of DSM theoretical approaches to an 
operational land resource assessment. 
2. Develop a pragmatic and operationally feasible sampling approach for 
collecting new soil information that is optimised to available time and 
financial resources. 
3. Test and apply qualitative soil expert field estimates into the quantitative 
DSM framework. 
4. Apply DSM to develop a state-wide digital soil resource based on both new 
and legacy soil data, with associated uncertainties of prediction. 
5. Integrate DSM outputs into a DSA land suitability framework, and identify 
areas of high versatility and agricultural economic capital potential. 
6. Develop an operational framework for DSA of Land Suitability specific to 
Tasmania, and applicable to jurisdictions elsewhere. 
 
The following chapter (Chapter 1) provides an overview of conventional soil 
mapping, specifically its use and history in an Australian context, the development of 
various components of DSM from theoretical research into operational efforts, and 
further evolution into land evaluation as operational DSA. 
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 Chapter 1
 
Evolution from Traditional to Digital Soil Mapping for Land Evaluation: 
Research Perspective and Literature Review 
1.1 Introduction 
Sometime around 40 BCE, the ancient Roman poet and philosopher ‘Virgil’ was 
accredited with opining “Consider what each soil will bear; and what each refuses”; 
this is an early allusion to the historical significance and understanding of soil 
diversity and its fundamental contribution to survival.  Today, we are still demanding 
the same questions of our soils to support basic human needs;  
 
• What crops can we grow, and where? 
• Where can we build? 
• Where can we put our waste? 
 
This is typically a subject of land suitability; influenced by climate, proximity to 
water, topography, existing usage, and distance to markets. ‘Where’ indicates a 
spatial context, answered by the production of ‘maps’.  Indisputably, one of the most 
important suitability parameters requires information on the soil properties that will 
be beneficial for a particular activity to occur.  In recent history, the question of soil 
suitability has been answered by soil mapping; spatially depicting contiguous soil 
types or attributes, and applying suitability ratings based on the known limits that 
certain activities will, at the bare minimum, tolerate, or thrive under optimum 
conditions.  This soil mapping was traditionally produced using ‘soil survey’ (Soil 
Survey Division Staff, 1993); a systematic method of classifying and recording the 
spatial locations of different qualitative and quantitative soil properties in relation to 
a landscape position, parent material, vegetation or climactic zone.  
2 
 
1.2 Traditional Soil Survey and Mapping 
In order to produce consistent and standard mapping products, soil survey 
approaches have been formalised and standardised by various country-based 
agencies throughout the world, and internationally under the United Nations 
through the Food and Agriculture Organisation (FAO, 2006).  Some of the most 
prominent country-based guidelines include those from the United States (Soil 
Survey Division Staff, 1993), with the accompanying field book outlining standardised 
soil field description and sampling (Schoeneberger et al., 2012).  Another is the 
French guidelines for soil description (Baize and Jabiol, 2011).   However, most 
relevant to the research presented in this thesis, in Australia, soil survey and 
mapping was standardised in the latter half of the 20th century through a series of 
guidelines commissioned and published by CSIRO Australia.  These have been 
updated and re-published in various editions, the most recent to included guidelines 
of soil and terrain description (National Committee on Soil and Terrain, 2009); soil 
survey specification, scale and mapping standards (McKenzie et al., 2008); soil 
chemical analysis (Rayment and Lyons, 2011); and soil physical measurements 
(McKenzie et al., 2002).  Much of this recent coordination of soil survey and 
guidelines in Australia followed a prescient strategy outlined in by McKenzie (1991) 
of the CSIRO.  In recent years, these guidelines and standards have been largely 
overseen and coordinated by the ‘National Committee of Soil and Terrain’ (NCST); a 
peak Government collaboration of State, Territory and Federal soil science agencies 
that provides leadership with core responsibilities in soil assessment and monitoring.  
The soil survey guidelines have customarily been followed by Australian State 
Government land resource agencies to produce soil mapping for operational needs, 
including land capability or agricultural potential (Grose, 1999a; Grose, 1999b), and 
land suitability (Klingebiel and Montgomery, 1961; FAO, 1976).  They have also been 
implemented for land degradation risk mapping (Kidd, 2003), including soil 
erodibility using the ‘Universal Soil Loss Equation’ (Wischmeier and Smith, 1978; 
Renard et al., 1991; Renard et al., 1997; Millward and Mersey, 1999; Lu and Yu, 
2002). 
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One of the inherent difficulties in applying standards to conventional soil survey is in 
the collection of meaningful data at an adequate sample density (Ahrens et al., 
2008).  Soil sampling and analysis is expensive, so it is imperative to avoid ‘over-
sampling’, that is, taking more samples than is necessary to inform a traditional soil 
map at the required nominal scale.  However, it is necessary to ensure there is 
adequate sample density to inform this scale with respect to the soil complexity of 
the area of interest.  The ‘blue book’ Guidelines for Surveying Soil and Land 
Resources, edited by McKenzie et al. (2008), prescribe the minimum and maximum 
number of soil sites per unit area that will provide adequate coverage to inform a 
desired spatial scale; for example a nominal scale of 1:25,000 mapping will require a 
maximum of 1 site per 5 hectares, and a minimum of up to 1 site per 25 hectares, 
depending upon available time, resources and soil-landscape complexity. This is 
defined as having a minimum delineation size of 2.5 ha, and described as suitable for 
purposes such as “moderately intensive uses at ‘field’ level”, or “detailed project 
planning”, (McKenzie et al., 2008; Schoknecht et al., 2008).  These applications were 
further recommended for use at a cartographic scale between 1:10,000 and 1:50,000 
including; land suitability assessment; land use strategic planning; local government 
planning around the urban/ rural-residential interface; small catchment 
management plans; low-intensity farm management planning; and forestry 
production plans, as defined by van Goole and Moore (1998), Gunn and Aldrick 
(1988) (in an earlier edition of the soil and land survey guidelines), and following 
McKenzie (1991).  This is the range of cartographic scale encompassing most of the 
recent land resource assessment undertaken in Australia.  The ‘blue book’ guidelines 
group the number of sites required for a specific cartographic scale into different 
observation types (Schoknecht et al., 2008); 
• Detailed Soil Profile Descriptions; site descriptions of detailed morphology 
and landscape characteristics, as per the Australian Soil and Land Survey 
Guidelines (National Committee on Soil and Terrain, 2009).  These are 
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recommended to incorporate between 15 and 35 % of survey sites for 
medium intensity (1:25,000 to 1:100,000) scaled mapping. 
• Deep Soil Borings; site descriptions incorporating deep auger boring to below 
the soil material to characterise hydrological factors such as deep-layer 
permeability, groundwater characteristics and salinity, which is important for 
assessment of land for irrigation.  These are recommended as forming 1 to 5 
% of soil survey sites for medium intensity soil maps. 
• Sampling Profiles; soil sampling sites, where extracted soil cores or spade 
samples are taken for specific depths or profile horizons, and used for 
chemical or physical analyses and characterization, for example, pH, electrical 
conductivity, exchangeable cations, nutrients, organic carbon, bulk density, 
or microbial biomass.  These types of samples are recommended at a rate of 
only 1 to 5 % for medium intensity soil mapping products, and are important 
in characterising soil types for land suitability of various crops; however soil 
analyses can be expensive, and adds considerable costs to traditional soil 
survey and mapping programs.  This often inhibits soil surveys from 
adequately characterising the full range of chemical and physical soil 
properties across a landscape, and can lead to conceptual products rather 
than physically ‘realistic’ mapping outputs. 
• Mapping Observations; these are brief soil characteristic observations 
recorded at a number of sites used for defining soil-landscape patterns, 
location of soil polygon boundaries, or specific purpose such as stone-content 
estimates.  These are the most common soil survey site, recommended as 
incorporating 55 to 83 % of all sites for a medium intensity soil map. 
In discussing soil survey as part of the Australian guidelines, Hewitt et al. (2008) 
describes an ‘integrated’ survey, which largely involves ‘environmental correlation’ 
between soil characteristics and environmental features observed in remotely-
sensed products such as aerial photos, or existing environmental mapping of 
geological formation and vegetation type and extent.  Hewitt et al. recognise that 
field observations do not primarily identify soil boundaries, but the soils and 
5 
 
landscape patterns delineated within an aerial photographic interpretation (API) 
(Speight, 1977).  Two of the main types of this integrated survey listed by Hewitt et 
al. are; land systems (Christian and Stewart, 1968; Stewart and Scientific, 1968); 
where broad-scale patterns of geomorphologically repeating landforms are mapped, 
usually with similar climate, elevation, geology, landform, vegetation and soils); and 
soil-landscape surveys (Northcote, 1984), more detail-scaled soil, landform and 
vegetation related patterns that are usually not mapped, but described conceptually 
within a soil-landscape mapping polygon.  The qualitative soil-landscape integrated-
survey mapping approach would encompass the majority of soil mapping 
undertaken in Australia until about 2010. 
More recently, the ‘Unique Mapping Area’ (UMA) approach (Shankaranarayanan and 
Sen, 1977; Christian, 1982; Neldner et al., 1995) was utilised in Australian land 
resource assessment, where soil UMA polygons were delineated  on the basis of 
geomorphological-repeating soil landscape patterns; however, a qualitative 
percentage estimate of spatial coverage was usually applied to each soil component.  
With the integration of digital elevation models (DEMs) and computer-aided 
geomorphometry into land resource assessment (Moore et al., 1993; Pike, 2000; 
Pareta and Pareta, 2011), more quantitative estimates of UMA soil component 
spatial extent were becoming possible.  This approach was used in a series of land 
degradation and salinity risk assessments in newly irrigated cropping areas of 
Tasmania, Australia in the early 2000s (Grose, 2003; Kidd, 2003; Moreton, 2003). 
1.2.1 Traditional Soil Survey Framework 
The basic components for producing a multi-purpose soil-map, using a traditional 
integrated soil-landscape approach would typically entail the following; 
1) Define the survey area, the mapping purpose, associated scale and number 
of sites available within allocated resources. 
2) Develop possible relationships between soils and environment.  Undertake 
API, record line-work of possible landforms or landscapes with identifiable 
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soil-type patterns.   Digitise line-work, and amalgamate with base field maps 
of geology, vegetation and land use. 
3) Pre-mapping phase; a reconnaissance-level visit to the field site, with rapid 
field observations to determine soil-landscape patterns and potential modal 
soil profiles. 
4) Mapping Phase; soil site descriptions and sampling for analyses using free 
survey within the integrated soil-landscape boundaries (most commonly 
applied to traditional soil mapping in Australia) to sample and delineate 
mapping units, and develop soil profile classes (grouping of physical and 
chemical properties into typically similar ranges (Hewitt et al., 2008)).  Free 
Survey involves development of detailed understanding of the soils and how 
they relate to the landscape and environment, and placing sites where the 
surveyor perceives will best inform the development of a conceptual soil-
landscape relationship (Steur, 1961).  When combined with the pre-defined 
landscapes, potential environmental correlation, and geomorphological 
formation of these landscapes, Hewitt et al. describes ‘Stratigraphic’ survey, 
where the soil history is determined by erosional or depositional landscapes 
formed from past erosion events, previously defined by Butler (1958).  Sites 
include morphological descriptions, samples and observations.  Soil 
descriptions include subjective interpretations (see Chapter 3) of landform 
and landscape position; horizon (layer) designation; soil texture 
(interpretation of sand, silt and clay content using hand manipulation of a 
moistened soil); structure; drainage and permeability estimate; colour (using 
pre-defined colour charts (Munsell, 1950; Munsell and Color, 2000)), mottling 
colour, size and type, and stone percentage estimate and size (National 
Committee on Soil and Terrain, 2009).  More quantitative measurements 
include chemical analysis of soil samples when perceived to be a major soil 
type for developing a modal or soil profile class. 
5) Develop soil map units and legend.  Field checking or ground truthing of soil 
maps for accuracy, however, this has rarely been undertaken using a 
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statistical approach for development of a quantitative measure of 
uncertainty within most traditional soil mapping (McBratney et al., 2000). 
6) Assign map units to land planning requirements, for example, land suitability. 
7) Produce paper, digital maps and reports. 
 
Hewitt et al. (2008) reviewed the strengths and weaknesses of this approach;  the 
strengths are perceived to be that the assumptions of correlation between soil, 
landform, geology and vegetation allows large areas to be mapped with less field 
work than if no correlation was assumed, leading to lower costs than mapping soils 
and vegetation independently of environment.  However, the weaknesses were 
identified in that the initial API and subsequent soil polygon generation is influenced 
by the soil scientist’s individual interpretation of the landscape, which will not 
necessarily agree with other practitioner’s interpretations, mainly because the 
criteria of the landscape mapping is inexplicit; sampling intensity is quite often 
inadequate due to both costs and the presumption of soil-landscape relationships; 
and that sampling is subjective, and therefore potentially biased (Brus and de 
Gruijter, 1997; Brus, 2010; Brus et al., 2011).  Using  free-survey, sample sites are 
frequently limited to perceived easier access (that is, near roads, or more easily 
accessible land tenures, topography and land use); therefore areas that are harder to 
access may become inadequately sampled, understood, or accurately reflected in 
the resultant soil mapping (see Chapter 2). 
In terms of mapping quality, especially soil chemical attributes, Gessler et al. (1995) 
identified the elementary limitations of conventional soil mapping and spatial 
predictions of soil properties due to the short-range variability of many of these 
properties.  The traditional approach has attempted to minimise these limitations by 
using qualitative polygonal boundaries based on modal soil types or profile classes 
(McSweeney et al., 1994).  Indeed as early as 1977, Webster (along with McBratney 
(1984)), both instrumental in applying geostatistical approaches to soil attribute 
modelling) concluded that, for a traditional soil survey, the variation of some soil 
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properties could routinely be as high as 50 % of the total variance, and as low as 10 
% at absolute best (Webster, 1977; Gessler et al., 1995). 
1.3 Modern Demands on Spatial Soil Information 
The preceding summarises a sample of traditional approaches to soil survey and 
mapping, most relevantly within an Australian framework, and provides the context 
to the operational mapping approaches used (and expected to be used) by 
Government agencies for land resource assessment activities prior to 2010 in 
Tasmania.  Traditional soil mapping served its purpose well over the 20th century; 
however, even as early as the 1980s, it was emerging that more precise soil-specific 
requirements were beginning to be requested from a variety of disciplines, with a 
greater demand for objective, more quantitative solutions (Bouma, 1989). An 
international workshop for the heads of National Soil Survey Organisations in 
Enschede (Netherlands, 1992) identified that the requirements for soil information 
were shifting to more purpose-specific information compatible with large-scale 
sustainable development and environmental management (Zinck, 1995).  Reviewing 
this workshop, Zinck (1995) warned that soil survey faced an uncertain future; 
criticisms were levelled at the soil surveyor-user interface, and identified a perceived 
inappropriate presentation and poor accuracy of soil information.  It was ascertained 
that soil survey agencies must embrace modern concepts, advanced survey 
techniques and innovative technologies to answer these questions to remain 
relevant and adequately funded.  Basher (1997) at the 1996 Australian-New Zealand 
Soil Science Conference in Melbourne questioned the future viability of traditional 
soil science and survey, posturing whether “pedology is dead and buried”?  Basher 
identified the funding reductions at the time by many developed countries in 
traditional pedological research and the consequential decline in trained soil 
scientists, and emphasised the particular decline in traditional soil survey, 
considered as arguably the single most important soils-specific activity.  A change in 
the direction of soil science and survey was emerging due to ‘issue-based research’ 
rather than the past practices of collecting ‘generalised’ data to serve a multitude of 
different purposes; issues of temporal trends in soil properties due to land 
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management influences; and the need to spatially depict the distribution of soil 
properties, rather than traditional soil taxa (Basher, 1997).  Basher also identified the 
emergence of computer-generated models that depict more-realistic patterns of soil 
variability, and the need for traditional soil science to adopt these modern and 
innovative technological advances. 
1.4 Digital Soil Mapping (DSM) 
The foremost emerging technology that can satisfy some of these explicit soil-related 
requirements, that is, more specific and higher resolution spatial soils information 
and the need for a more quantitative, repeatable framework is digital soil mapping 
(DSM), which forms the foundation of the applied research presented in this thesis 
(McBratney et al., 2003; Carré et al., 2007a; McBratney et al., 2012; McBratney et al., 
2014).  DSM is a quantitative approach for generating spatial soil information 
encompassing many scientific disciplines, for example, geostatistics, pedology, 
spatial modelling, remote sensing, and Geographical Information Systems (GIS).  Its 
main focus is developing sound mathematical relationships and inferences between 
existing spatial covariates such as terrain, vegetation and remotely-sensed data, with 
individual soil type or attributes locations (field sites); that is, spatial predictive soil 
functions (Malone, 2012).  This concept became a reality with the evolution of 
computers and GIS; the DSM premise and definition formalised by the highly-cited 
paper “On Digital Soil Mapping”, by McBratney et al. (2003).  Building upon the 
relationships between soil and other environmental variables defined by Jenny 
(1941), McBratney et al. termed the scorpan relationship as the foundation of the 
environmentally-correlated DSM approach; 
 
Sp =  (S,C,O,R,P,A,N)      (1) 
 
such that the soil property at a given site, Sp, (or type, St), is a function () of the 
available spatial soil-forming factors (covariates), where ‘S’ corresponds to available 
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soil data; ‘C’ corresponds to climate (rainfall and temperature); ‘O’ corresponds to 
organisms influences (land use and management, vegetation); ‘R’ corresponds to 
relief (terrain shape and elevation); ‘P’ corresponds to the parent material (geology); 
‘A’ corresponds to the landscape history or age (geological age); and ‘N’ corresponds 
to the spatial location of the calibration points. 
1.4.1 DSM Development 
The precise genesis of DSM is difficult to determine; it is a culmination of several 
factors all converging at an opportune time; including geostatistics, GIS, computer 
processing and more quantitative soil information demand (Minasny and McBratney, 
2015).     Stemming from the early adoption of geostatistics for mineral exploration 
in the 1960s and 1970s (Journel and Huijbregts, 1978), predictive techniques based 
on “regionalised variable theory”, identifying the spatial dependence on 
environmental data were being introduced into predictive mapping of soil attributes.  
Webster and Burgess (1980) demonstrated a  ‘kriging’ approach for the prediction of 
three soil properties (sodium content, stoniness, and topsoil (loam) thickness), 
whereby semivariograms were computed to show the spatial-dependence of each 
property, with the semi-variances used to determine the value-weights applied to 
kriging equations.  The semivariograms basically depict the level of spatial 
autocorrelation, and how spatial data varies over distance (Olea, 2006).  In this way, 
the equations were able to generate spatial predictions of each soil property (in 
particular where no recorded values of soil property information were recorded) as 
an alternative to existing conventional soil mapping; this showed an improvement 
over these maps in terms of short-range variation.  In a similar approach, using the 
theory of semi-variance and spatial dependence to determine the number of 
observations needed to adequately estimate the regional distribution of soil 
attributes, McBratney and Webster (1983) showed that determining this number 
through classical sampling theory (without regard to spatial dependence) had greatly 
overestimated the required sample numbers in the past.  Consequently, due to the 
high costs of the over-estimated sampling numbers, many investigations into spatial 
soil property estimations had been avoided.  McBratney (1984) coined the term 
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“Geostatistical Soil Survey” to encompass the use of semivariance analysis and 
spatial dependence for production of spatial estimations of soil properties (with 
known variance), the ability to develop optimal sampling designs to generate these 
predictions, and identified superior predictions to that of commonly used 
conventional techniques due to the ability to capture the continuous nature of soil 
attributes.  McBratney concluded that “Geostatistical Soil Survey is largely 
complimentary to Conventional Soil Survey”, and is most useful for “medium to 
large-scale surveys with specific aims”. 
Later, Laslett et al. (1987) tested the performance of several two-dimensional (2D) 
spatial prediction methods for topsoil pH which showed mixed results, with all 
methods tested showing “some deficiencies”, especially direct interpolation 
methods that caused ‘spikes’, or unnaturally high values near data points.  Non-
interpolating methods, such as splines or universal kriging (UK) were shown to 
produce better predictive surfaces of short range correlations between neighbouring 
soil sample sites.  Odeh et al. (1995) used terrain predictor variables by co-kriging 
(spatial correlation between two variables to predict the variable of interest (Kozar 
et al., 2002)) and regression-kriging (determining the spatial auto-correlation of the 
modelling residuals, kriging these residuals, and adding the residual surfaces to the 
original modelled attribute values to remove the unexplained variability due to the 
spatial dependency of each soil sample site (Hengl et al., 2007)).  In this example of 
spatially predicting soil properties, the authors showed that latter prediction 
methods incorporating environmental covariables performed better than methods 
(ordinary and UK) that did not consider any co-variation of predictor variables.  Stein 
et al. (1988) used a correlation approach incorporating existing soil-mapping 
polygons as an explanatory variable for the co-kriging of collected soil point data  on 
soil moisture deficits (determined from hydraulic conductivity and associated 
moisture retention curves in a study area of the Eastern Netherlands).  Stein et al. 
also demonstrated the advantages of co-kriging in producing more precise results 
than using ordinary kriging (OK) alone on the training data-set, showing general 
improvements in Mean Variance of Prediction Error (MVPE) and Mean Squared 
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Errors of Prediction (MSEP).  MVPE comparisons showed up to 25 % increase in 
precision when using the co-kriging approach, which also demonstrated the value in 
incorporating existing conventional soil mapping as a form of soil-expert modelling 
input. 
1.4.1.1 DSM and Environmental Correlation 
By the 1990s, DSM was routinely incorporating an empirical environmental 
correlation approach with the geostatistical developments encompassing spatial 
dependencies of soil properties.  Most present-day DSM is based around the scorpan 
environmental correlation approach (McBratney et al., 2003), using environmental 
covariates to form spatial soil attribute modelling, commonly incorporating 
regression-kriging. This was facilitated by both advancement in available computing 
power, but also in improvements to quality and affordability of remotely-sensed 
spatial data, such as multi-spectral (and hyper-spectral) satellite imagery, digital 
elevation models, global positioning systems (GPS) to facilitate accurate placement 
of soil sample training data, and gamma-radiometric mapping (Cook et al., 1996; 
Dobos et al., 2000; Taylor et al., 2002; McBratney et al., 2003; Minasny and 
Hartemink, 2011).  McKenzie and Galant (2006) further identified the advantages of 
an environmental correlation approach in DSM, in that; explicit relationships exist 
between environmental variables and soil attributes; the predictor variables allow 
spatial prediction across entire areas of interest; and the DSM models can be 
dynamic, that is, updated as new environmental covariates (or samples) are 
obtained.   
Gessler et al. (1995) considered soil landscape modelling and its application with 
spatially predicting certain soil attributes.  Citing Moore et al. (1993) and the 
hypothesis of “catenary soil development” (the geomorphological slope and gravity 
processes of erosion, deposition and soil formation (Edwards, 1940)), and an earlier 
study into predicting soil attributes using terrain analysis, Gessler et al. identified the 
need for spatial predictions of individual soil attributes, as “explicit, quantitative and 
spatially realistic” representations of the soil-landscape “continuum”.  They 
identified that catenary soil-landscape processes ultimately influence the spatial 
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variability of soil attributes, which is largely controlled by water movement through 
the landscape, which in turn is controlled by the terrain geometry.  Gessler et al., 
following Moore et al. (1991) deduced that terrain geometry could be used for 
predicting the movement of water through the soil matrix, and therefore some soil 
attributes.   Pointing to the vast areas of Australia, which at the time had very limited 
detailed soils information, the importance for such approaches was emphasised due 
to the limited ability to quantify environmental soil-landscape function and 
associated land management in many areas (McKenzie, 1991). 
Identifying the requirements for spatial products to adequately inform precision 
agriculture (the technological ability to vary field management based on spatial 
knowledge of soil properties (Robert, 1993)), Kozar et al. (2002) showed a co-kriging 
approach for the prediction of soil potassium to control variable-rate application of 
soil fertiliser performed better than kriging potassium field sample sites alone.  In 
this example, the particular relationship between terrain indices (slope) and 
translocation of profile potassium was shown to produce good correlations; 
however, the authors stated that including several additional covariates, such as 
terrain derivatives and parent material, would further enhance the ability to spatially 
predict soil nutrients, and the importance of such predictions to enable future 
development in precision agriculture (McBratney et al., 2005). 
An early Australian example of an environmental correlation (DSM) using several 
environmental predictors was investigated by McKenzie et al. (CSIRO) in 1999, where 
a 50,000 ha area in south-eastern Australia was used to test a stratified soil sampling 
method and digital geology, landform and climate covariates to produce spatial 
predictions of soil properties at 25 m resolution.  The authors recognised that 
conventional medium to low-intensity soil surveys have efficiencies due to using the 
relationships between the soil and environmental variables, however, they perceived 
them as largely qualitative, and rarely recorded for appropriate transfer of 
knowledge to end users (McKenzie and Ryan, 1999).  The environmental correlation 
models produced promising results, ranging from explaining 42 to 78 % of the 
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variance of the sampled soil properties, which were described as ‘unmatched’ in 
spatial agreement by traditional soil survey methods at the time.  
Considering further studies involving environmental spatial correlation of soil 
properties, Park and Vlek (2002) published research that identified the need to 
consider environmental correlation of soil spatial variability, but in three dimensions 
(3D).  Park and Vlek used 502 samples from 64 profiles, along with existing soil type 
maps, terrain derivatives, and sample depths as spatial covariates within an area of 
Somerset in the United Kingdom.   The better predictions were found to be for those 
properties, (specifically exchangeable cations, manganese-oxides, and pH), that were 
determined to be influenced by catena hydrological slope processes, and 
demonstrated the knowledge of the strong influence of terrain on the spatial 
variation of some soil properties. 
1.4.1.2 Soil Landscape Clustering 
Another area of DSM development was also progressing in automated methods for 
segmenting landscapes for soil mapping, particularly fuzzy classification theory 
(Zadeh, 1968; Burrough et al., 1992), where membership functions are generated to 
effectively group and capture the continuous nature of soil and terrain.  To reduce 
the inherent subjectivity of API, Irvin et al. (1997) described a numerical classification 
approach to delineate landforms in a 50 ha study area of Wisconsin, USA, combining 
continuous fuzzy and unsupervised classification methods.  The authors investigated 
whether several DEM terrain derivatives correlated as soil-forming processes with 
observed soil properties as a method of delineating soil mapping units.  Both the 
unsupervised and fuzzy approaches were compared against traditional API to 
determine whether manual API could be replaced by more automated methods to 
reduce time and subjectivity.  Various numbers of delineation landform classes were 
tested to determine which number best represented the expert-based landform 
knowledge of the area.  Irvin et al. found that the automated (unsupervised) 
statistical clustering approach produced more detail than the traditional API, and 
was better able to differentiate features based on aspect, and within forested areas.  
With the continuous (fuzzy) classification approach, which clustered the terrain 
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derivatives and produced partial membership values for each pixel, the authors 
found difficulty in deciding upon the optimum number of classes to adequately 
represent the known landform patterns in the area, without needlessly delineating 
landforms. This method was also able to delineate with more detail than the API, 
and had the advantage of membership analysis to assess variations in terrain 
contributions to each landform class. Both automated methods were shown to 
generate products that would aid soil surveyors in producing more-detailed and less 
subjective mapping; however, it was identified that soil-landscape knowledge was 
crucial in manipulating the clustering to generate the most meaningful landforms in 
terms of soil formation processes. 
In order to overcome the lack of capacity for DEMs to explain soil variability in flat, 
featureless alluvial plains, Triantafilis et al. (2013) described the use of remotely-
sensed gamma-radiometrics to improve the capture of variation, specifically in 
clustering the radiometrics  using fuzzy k-means (FKM) (McBratney and Gruijter, 
1992).  The authors were able to effectively delineate known agricultural features in 
most areas, with a few exceptions where the gamma characteristics were not 
‘unique’ enough to delineate them from neighbouring features and suggested the 
integration of proximal-sensing such as electro-magnetic induction, or use of LiDAR-
derived DEMs.  In addition to clustering landforms to inform soil-formation process 
as delineated mapping units, fuzzy classification can also be used to produce 
covariates for scorpan DSM, or to provide landform stratification for sampling 
purposes, which is discussed in more detail in Chapter 2  (Kidd et al., 2015a). 
1.4.2 DSM Framework 
Rossiter (2005) overviewed the advances in DSM science and relevant innovative 
research that was facilitating the development of a “multiple-use Soil Information 
System”, highlighting the multi-disciplinary set of technological advancements falling 
under the umbrella of DSM.  These included;  the availability of and ability to 
interpret “low-cost, wide-area data”, for example, the emergence of elevation 
models (including the Shuttle Radar Topography Mission (SRTM) digital elevation 
model (DEM) (Gallant et al., 2011), multi and hyper-spectral satellite imagery; direct 
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remote and proximal sensing of soil properties using, for example, hyper-spectral 
imagery, electro-magnetic induction, Near-Infra Red Spectroscopy (NIR), ground 
penetrating RADAR, and gamma-radiometrics; incorporation of model-based and 
design-based sampling, geostatistical and purposive-statistical sampling design, for 
example, stratified random and probability sampling (Brus and de Gruijter, 1997; 
Heuvelink et al., 2006; Brus and Heuvelink, 2007; Brus, 2010; Brus et al., 2011), (see 
Chapter 2);  generation of terrain derivatives from DEMs and geomorphometry 
(Odeha et al., 1994; McKenzie and Ryan, 1999; Grimaldi et al., 2007); geo-referenced 
data integration through the functionality of GIS; and the availability of more 
powerful desktop computers.  Rossiter combined these advancements into the over-
arching science of “predictive soil mapping”, or DSM. 
Figure 1-1, adapted from Minasny and McBratney (2015), shows the evolutionary 
timeline and amalgamation of the many disciplines converging to the modern-day 
discipline and definition of DSM. 
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Figure 1-1. History and Convergence of DSM-related disciplines (Minasny and McBratney, 2015). 
 
The ‘Corpt’ model (Jenny, 1941) is the preceding basis of the soil forming factors, 
later developed into the scorpan principle of DSM.  Other closely DSM-related 
disciplines include; 
• Pedometrics; focusing on geostatistics and statistical models to build 
quantitative mathematical and statistical models of soil attribute and class 
distributions (Webster, 1994; Minasny and McBratney, 2015), whereas DSM 
is considered as applying pedometrics to produce soil maps.   
• Digital Soil Morphometrics; a recent term coined to define a set of tools for 
quantifying soil properties for continuous depths (Hartemink and Minasny, 
2014).  These include proximal soil sensing (Viscarra Rossel et al., 2010) and 
soil spectral scanning (Viscarra Rossel et al., 2011) approaches for describing 
and quantifying soil profiles, ultimately to inform DSM.  
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These major developments that have contributed to the formation of the modern-
day DSM concept, particularly with regards to scorpan have been further defined in 
timeline by Minasny and McBratney (2015), and shown in the adapted Table 1-1. 
 
Period Main development Examples 
1960s Topofunctions  
 Integrated clorpt model (Jenny et al., 1968) 
1970s 
 
Soil information systems  
 
ISSS Working Group on Soil 
Information System(Sadovski and 
Bie, 1977) 
 Digital soil cartography (Webster et al., 1979) 
 Remote sensing and soils  LARS (Cipra, 1973) 
 Digital application of environmental similarity 
method 
(Legros and Bonneric, 1979) 
1980s 
 
Soil geostatistics 
 
Hajrasuliha et al. (1980),  
Burgess and Webster (1980) 
 Geographical Information System (Burrough, 1986) 
1990s 
 
Pedometrics: nonlinear geostatistics, fuzzy clustering, 
uncertainty analysis 
(McBratney and Gruijter, 1992; 
Odeh et al., 1992) 
 Digital terrain modelling (Gallant and Wilson, 1996) 
 Environmental correlation & cloprt model 
 
(Moore et al., 1993) 
(McKenzie and Ryan, 1999) 
 Mapping using Reference Area (Lagacherie et al., 1995) 
 Mapping using expert knowledge and expert system (Zhu et al., 1997) 
 Use of data mining tools (Bui and Moran, 2003; Pachepsky et 
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al., 1996) 
2000s Digital soil mapping (McBratney et al., 2003) 
 Digital soil assessment (Carré et al., 2007b) 
 Proximal Soil Sensing (Viscarra Rossel et al., 2010) 
 Digital soil morphometrics (Hartemink and Minasny, 2014) 
 Globalsoilmap.net (Arrouays et al., 2014a) 
 
Table 1-1. An Historical Overview of DSM Developments (Minasny and McBratney, 2015) 
 
The components that have been considered as instrumental in the development of 
DSM by Minasny and McBratney (2015) demonstrate the multidisciplinary elements 
that are framed by the broad and encompassing terminology of ‘Digital Soil 
Mapping’.  For the purposes of the work presented in this thesis, DSM is defined as 
the sum of the contributory components that make up this discipline, which involves 
not only map production, but sampling, uncertainty analysis, and diagnostic 
validations. 
This brief summary of some early examples of DSM in terms of geostatistics and 
environmental correlation provides a contextual synopsis of some of the important 
developments in this field, especially in an Australian perspective.  However, these 
examples were largely research-orientated, focusing on relatively small study areas 
with existing information for comparison of DSM and traditional soil mapping 
techniques. Much of the literature presenting successful application of DSM does not 
indicate an applied application or specific operational context.  Grunwald (2010) 
asserted that while much of the research-oriented literature describing DSM 
provides adequate evidence that soil properties and taxonomies can be successfully 
predicted  using environmental covariates, the challenge will be to develop solutions 
to “bridge the gap” between research and operation; that is, DSM research, 
conventional soil mapping approaches and soil expert knowledge.  Over the past few 
years, the trend of emerging literature examples indicates DSM is increasingly 
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moving from academic research into larger-area ‘real-world’ applications and 
adopted as an operational approach (Carré et al., 2007a; Lagacherie et al., 2007; 
Lagacherie, 2008); further examples are presented in this thesis as applied research 
in Chapters 2, 3, 4, 5 and 6. 
1.4.3 Digital Soil Mapping – Research to Operation 
Functional, practical, ready, useable, viable, working; these are some of the possible 
adjectives that describe the term ‘operational’.  Here, and increasingly in soil science, 
the term literally applies to the application of DSM to real-world land resource 
assessment, developing functional products for a variety of different environmental 
and agricultural uses.  When used by organisations that oversee the collection and 
provision of soil policy and land resource mapping, (usually state and federal 
Government within Australia), the science has become ‘operational’. 
1.4.3.1 Agricultural Land Suitability, North Queensland, Australia 
Recent examples demonstrating the incorporation of DSM (particularly the scorpan 
environmental correlation approach) into an operational context have been largely 
government-funded examples, including Chapters 4 and 5 in this thesis.  Completed 
shortly after the regional land suitability evaluation approaches presented in 
Chapters 2, 3 and 4, Thomas et al. (2015) applied a similar DSM methodology to 
155,000 km2 in the Flinders and Gilbert catchments in North Queensland as a joint 
undertaking between the Queensland State Government and CSIRO to inform soil 
specifications for crop-specific irrigation suitability assessment. The impetus for this 
assessment was driven by the “Office of Northern Australia” to evaluate 
opportunities for irrigated agriculture, driven by the desire for Northern Australian 
intensification and Asia-Pacific trade, consideration of climate-change, and building 
economic buoyancy in northern communities (Office of Northern Australia, 2015).    
The project used both existing legacy data, integrated with a conditioned-Latin 
hypercube (cLHS) sampling approach (Minasny and McBratney, 2006a; Minasny and 
McBratney, 2006b); a purposive sampling design that maximally stratifies the 
covariate feature space used for predictions (that is, replicates the distribution of the 
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covariate values).  However, due to the vast expanses and logistical constraints 
encountered (see Chapter 2), the method was adapted to constrain sampling to 
within a practical distance from roads, and provide nearby alternatives if first-choice 
sites were not available (Clifford et al., 2014). An environmental correlation 
approach (scorpan) was used, which incorporated the legacy and newly collected soil 
site information with a suite of spatial covariates, with rule-based data-mining using 
“RuleFit3” software, which produces general regression and classification models, 
assembled as linear combinations of the rules constructed in the data-mining 
process, and used to predict either the categorical or continuous target soil variables 
(Friedman and Popescu, 2008; Thomas et al., 2015). 
Thomas et al. (2015) described methods for predicting the different classes of soil 
properties, continuous (pH), binary (presence-absence of rocks) and categorical (soil 
permeability class), which formed the subset of input parameters for the land 
suitability assessment, and tested various methods of model evaluation; ten-fold 
cross validation, independent validation (using secondary field sampling), and boot-
strapping.  The ten-fold cross validation follows Kohavi (1995) as described by  
Rodriguez et al. (2010), where one-tenth of the data is randomly held back, and the 
modelling looped ten times with a different tithe of the data held-back for validation 
after each loop, effectively validating modelling against the whole data-set, with 
each data point validated once. With ‘boot-strapping’, a proportion of the training 
data was with-held, the model run, and the withheld data ‘replaced’ into the data-
set where another random sample was extracted for a model re-run, repeating this 
process 1000 times.  This showed the model reliability in the form of averaged 
predictions, and produced relatively low standard deviations.  Within a field 
validation phase, newly collected data was used to independently test the initial 
modelling.   For the best performing models, Thomas et al. showed that for internal 
validation, an R-squared of 0.49 and RMSE of 0.71 were found for the prediction of 
surface pH; 76 % of rocky/ non-rocky areas were correctly classified; and the correct 
soil permeability class was classified at a rate of 56 %.  The authors acknowledged 
that the project design for such operational DSM undertakings is influenced and 
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constrained by available resources and short time-frames; for the purposes of this 
thesis, these are the practical restrictions that influence the application of 
theoretical DSM to operational needs.  The authors concluded that “DSM can be 
used as a standalone soil resource assessment method to, for example, support 
regional inventories, or feed into land suitability assessment”, and, by considering 
the uncertainties, it can be a tool to demonstrate to policy makers where data is 
lacking and new surveys should be instigated. The work followed and was informed 
in some aspects by the preliminary DSM undertaking in Tasmania for land suitability, 
which has cited elements from Chapters 2, 3 4 and 5 from this thesis (Kidd et al., 
2014a; Kidd et al., 2014b; Kidd et al., 2015a; Kidd et al., 2015c). 
In further presenting this operational DSA approach in Queensland, Harms et al. 
(2015) quoted similar DSM validation diagnostics as generated for the applied 
Tasmanian research presented in subsequent chapters. Categorical classification 
rates were reported between 53 to 86 %, while continuous soil variable validations 
were between 0.18 and 0.54 for R-squared.  The results also showed good 
validations through the additional field sampling, further demonstrating the 
potential of this DSA approach for regional agricultural land evaluation.  The authors 
presented a compelling case to conclude the benefits of the digital approach over 
traditional soil survey, stating “The DSA approach has numerous advantages over 
traditional methods that are totally dependent on in situ field observations and 
knowledge-based systems” (Harms et al., 2015).  
Both Harms et al. (2015) and Thomas et al. (2015) described similar operational 
problems to those encountered in Tasmania (and presented in this thesis), for 
example, sampling constraints within a statistical DSM-framework, and the difficulty 
in some categorical predictions of soil properties such as soil drainage and coarse 
fragment content, specifically due to the data collection method constraints 
associated with the time and expense to quantify.  Chapters 2 and 3 provides 
methodological solutions to these applied research questions; presenting the 
methods tested and applied in Tasmania to overcome operational sampling 
constraints, and the incorporation of qualitative expert-based field estimates into 
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the quantitative DSM-framework, specifically soil drainage.  Chapter 4 also describes 
the method used in Tasmania to overcome the difficulties in predicting spatial stone-
content. 
1.4.3.2 Updating Peatland Legacy Soil Maps, Netherlands 
In a European example, Kempen et al. (2015) used a DSM (pedometric) approach to 
update existing 1:50,000 peatland soil maps for the Netherlands, describing it as the 
first case of government-funded soil-survey in the Netherlands where traditional soil 
mapping has been completely replaced by a DSM approach.  These updates were 
deemed necessary by Kempen et al. due to the changes in soil condition caused by 
intensive agriculture since the original, conventionally-derived soil mapping was 
completed in 1995, and driven by the Dutch government’s apperception of high-
quality spatial soil data.  The program used point-source soil information from a 
combination of legacy and newly-sampled soils data, totalling 21,220 sites, and a 
suite of 54 environmental covariate layers consisting of legacy soil mapping, 
simulated depth to ground-water mapping, DEM and terrain derivatives, land-cover 
surfaces, and geological maps.  Initially, the authors produced a probability 
prediction map of the presence or absence of peat, then modelled the peat 
thickness (depth of peat) using a scorpan approach where there was considered a 
high probability of peats occurring.  Prediction methods included a generalised linear 
modelling approach (GLM) (McCullagh, 1984; McCullagh et al., 1989) of transformed 
training data (to improve modelling performance by normalising inputs).  
Predicted areas of peat thickness were developed through simulation modelling (for 
100,000 iterations), where the variances in modelling produced the predicted value 
(median, or 50th quantile), and the uncertainties as upper and lower prediction limits 
(the 5th and 95th quantile values respectively, that is, 90 % confidence).  The 
predicted values where then classified and incorporated back into the original peat 
mapping as updated information.  Validations in one specific area of study showed 
an overall mapping purity of soil orders of 66 %; a substantial improvement over the 
54 % purity of the existing conventional maps.  However, only a marginal 
improvement of about 3 % was obtained in a second study area, with the authors 
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explaining this as due to the thicker peat layers in the second area, relatively minimal 
effects on soil order classification with temporal peat loss, and lower confidence 
(and higher impurity rate) in the presence-absence peat predictions in this area.  
However, the validation results for both areas were considered to provide enough 
evidence that the DSM approaches tested were robust enough to apply to and 
update the remainder of the country’s legacy peat mapping. 
The two-step approach used by Kempen et al. (2015), (firstly by predicting the 
presence-absence of peats, and then applying the depth predictions to most-
probable areas of peats) accounts for what they term ‘zero-inflated data’, that is a 
dataset with a considerable amount of zero-valued data; in this case, a peat 
thickness of 0cm indicate a non-peat soil.  The two-step approach has previously 
been applied and described by Heilbron (1994) and Fletcher (2005) in instances 
where modelling target variables contain many zeros, and was used in parts of the 
applied research presented in this thesis, particularly depth to sodic horizons 
(exchangeable sodium percentage > 6 %) and coarse fragment predictions, as per 
Chapter 4 (Kidd et al., 2014b). 
1.4.3.3 National DSM in Canadian Managed Forests 
In creating National datasets of spatial soil information for environmental 
management of Canadian forests, Mansuy et al. (2014) describe the production of 
250 m resolution digital soil maps for three different soil properties (carbon 
percentage, total nitrogen concentration and soil texture).  This was the first 
National application of DSM in Canada’s managed forests, using plot data from 538 
sites, 7 topographic and 5 climatic covariates,  chosen by initially determining the 
best-ranking predictor variables (explaining the highest proportion of soil property 
variability), removing predictors with low rankings, and those determined 
‘redundant’ due to a high degree of correlation with other predictors.   A ‘k-nearest 
neighbour’ modelling method was used; a simple ‘pattern-recognition’ classification 
and regression method that determines the relationship between an observation 
and its nearest neighbour(s) and associated feature space, commonly by averaging 
(Peterson, 2009).   Despite the very low spatial density of available training points, 
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the authors noted substantial improvements over existing traditional legacy vector 
soil mapping, where some predictions produced validation RMSE (root-mean-
squared-error) of less than 40 %.  Where RMSE was less than 40 %, the authors 
considered these surfaces to be of ‘operational standard’, sufficient to provide useful 
environmental management knowledge.  Preliminary results were considered 
encouraging, and showing potential for improvement with the collection of new soil 
site data, and finer resolutions. 
1.4.3.4 Applying DSM to Land Suitability, Mozambique 
Van Zijl et al. (2014) evaluated a DSM approach to produce rapid assessment of land 
suitability for the Namarroi area of Mozambique.  Environmental covariates, 
including multiple terrain derivatives derived from a LIDAR-based DEM were initially 
used to generate a pre-determined sampling strategy, using the purposive cLHS 
approach (Minasny and McBratney, 2006b), combined with free-survey sampling, 
totalling 206 observations.  A SoLIM approach was used (integrating conceptual soil 
mapping units with inference techniques (Zhu et al., 1997)) to produce predictions of 
soil production potential, erosion risk, and compaction risk from a range of expert-
based rulesets.  The authors were able to demonstrate the relatively rapid 
production of functional soil property mapping to determine spatial land suitability 
from few field observations, validating at 59 % (at the 95 % confidence limits), but 
concluded that fewer file sites were required by incorporating expert-knowledge 
into the field sampling. 
A search of recent literature (PubMed, SCOPUS, and Google Scholar) return relatively 
few examples of applied DSM in a truly operational context.  Many of the preceding 
operational examples, with the exception of Thomas et al. (2015), Harms et al. 
(2015), and, to a lesser extent, Kempen et al. (2015), describe applying DSM in 
operation, but in a demonstration capacity only, with reduced  scope, and existing 
legacy data.  However, National and Global datasets are now being developed using 
DSM, mostly with legacy data, to better answer regional and globally-significant soil-
related environmental issues, such as food security, water security, and climate 
change, tailored to operational needs. 
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1.4.3.5 The Soil and Landscape Grid of Australia 
In a special issue of ‘Soil Research’ journal (CSIRO Publishing Australia, In Press), 
contributions to the ‘Soil and Landscape Grid of Australia’ (SLGA) have been 
presented which describe the methods used and results obtained in contributing to 
this collaborative undertaking.  Chapter 5 of this thesis contributes to this issue, 
describing the generation of 80 m resolution 3D soil property surfaces for Tasmania, 
specifically for state-wide enterprise suitability assessment.   
Grundy et al. (2015) overviews the development and context of the SLGA, identifying 
the need for functional soil attributes to inform soil, agricultural, biophysical and 
ecosystem modelling, specifically focusing on the soil properties, rather than soil 
classes.  An important requirement is the capacity to review, and dynamic capacity 
to improve and evolve.  The outputs from the SLGA of Australia are essentially a set 
of fine resolution (3 arc-second) grids of multiple soil attributes, and a system to 
update these grids as new data is collected, covariates developed and acquired, and 
DSM modelling techniques refined.  This includes integration of a nationally 
developed MIR (mid infra-red) spectral library, with the opportunity to calibrate a 
national soil archive (http://www.clw.csiro.au/aclep/archive/), and development of 
standards in relation to sample preparation and grinding size (Le Guillou et al., 2015).  
Grundy et al. identified the ad hoc history of soil mapping undertaken in Australia, 
resulting in ‘patchy’ coverage; the capacity of DSM to interpolate mapping over large 
areas of sparse calibration data was identified as an optimal method of developing a 
complete coverage of spatial soil data across the entire Australian continent, 
effectively ‘harmonising’ the multi-temporal and multi-scaled legacy soils data held 
be the various State Government jurisdictions across the country.  The need for this 
type of product was previously identified by a national inventory of soil mapping 
across Australia, which highlighted the paucity of appropriate soil mapping products 
to meet future demands (Soils Research Development and Extension Working 
Group, 2011); these demands include the ability to assess and predict the impacts of 
agricultural land use change, agricultural suitability and productivity, national carbon 
accounting, and continental and catchment-scaled natural resource management 
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(Grundy et al., 2012; Grundy et al., 2015).  The national SLGA were integrated with 
regional, State-based derived DSM products using variance-weighted comparisons, 
effectively favouring the prediction for each pixel with the lowest uncertainties. 
Viscarra-Rossel et al. (2015) illustrates the derivation of the 3-D soil attribute grids 
for the entire Australian continent, where Cubist (Rulequest Research®, (Quinlan, 
2005)) Regression Trees (RT) were used to produce the spatial predictions.  The RT 
approach has shown to produce robust predictions for a variety of uses in addition 
to spatial predictive modelling and DSM (McKenzie and Ryan, 1999; Moran and Bui, 
2002; Grunwald, 2009).  A data-mining approach is first applied by Cubist to the 
predictor variables and training data to produce a set of structured classifier 
‘partitions’, which is then further delineated into a ‘tree’ structure by sequentially 
partitioning the data into a series of linear models until little difference in calibration 
metrics is determined (McBratney et al., 2003).  The use of Cubist RT in Tasmanian 
DSM is further explored, with applied research presented in Chapters 3, 4 and 5 of 
this thesis.  As previously described, and in detail by Viscarra-Rossel et al. (2014), a 
bootstrapping approach (sampling with replacement) was applied to the calibration 
data to produce upper and lower prediction limits for each surface as the associated 
uncertainties of predictions, using the 95th and 5th quantiles from a histogram of 
bootstrap predictions (90 % confidence), and the median (50
th
 quantile) as the 
prediction value.  Viscarra-Rossel et al. also integrated a pseudo 3D approach to the 
predictions, incorporating the upper and lower calibration depths into the models, 
as these were considered to have influence, and therefore explanatory impetus to 
the predictions for each standard depth, as described in the creation of the 1 km 
resolution global automated soil attribute grids by Hengl et al. (2014). Nevertheless 
there is still a misunderstanding that most legacy data were sampled by a fixed 
depth or horizon, and the soil data represents the average of that sampled layer. The 
equal-area spline is required to disaggregate and harmonise the data to standard 
depths; in the Hengl et al. approach, the authors misinterpreted that the mid-depth 
of the layer is the value of the property.  
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South Australian contributions to the SLGA included testing of methods for 
specifically predicting soil organic carbon (Liddicoat et al. 2015), who produced new 
DSM predictions in the agricultural zones of the State using legacy soil site data.  The 
study was specifically focused on the organic carbon content of the top 30cm for 
carbon accounting, and required predictions of bulk density (using locally derived 
pedotransfer functions of expert-derived lookup tables) and coarse fragments to 
enable the quantitative volumetric estimates.  Calibration data was logarithmically 
transformed to provide more normally-distributed model inputs, and a range of 
covariate data assembled including elevation model derivatives, satellite-derived 
fractional ground cover, and legacy soil mapping.  DSM modelling used a regression-
based approach, specifically an ordinary least squares that penalises complexity, the 
‘Least Absolute Shrinkage and Selection Operator’ (LASSO) (Tibshirani, 1996; 
Tibshirani et al., 2005; Liddicoat et al., 2015).  Reasons for using the LASSO approach 
listed by Lidddicoat et al. were to improve modelling interpretability by reducing 
modelling complexity, choosing the most important covariates from large numbers 
of highly correlated datasets, and the perceived capacity to provide accurate and 
unbiased estimates.  
Internal model validation and derivation of uncertainties were using k-fold cross 
validation (Kohavi, 1995), a similar approach citing the methodology applied to the 
Tasmanian DSM grids described in Chapter 5 (Kidd et al., 2015c).  The modelling was 
able to explain 45 % of the variations in soil carbon after residual kriging and k-fold 
averaging, and was considered an important development in estimating the carbon 
stocks in South Australia’s farming land.  
1.4.3.6 Disaggregation of Legacy Soil Maps 
A further application of DSM in development of the SLGA products was examined 
using a spatial disaggregation approach; that is, using predictive categorical DSM 
prediction techniques to physically predict the spatial extent of minor, but previously 
unmapped soil components from conventional legacy soil association or UMA 
mapping.  Disaggregation to enhance and improve the utility of legacy mapping has 
been effectively used and developed in several examples (Kerry et al., 2012); early 
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examples include Bui and Moran (2001), and more recently Subburayalu et al. 
(2014), who used decision trees (DT) to disaggregate component soil series in Ohio, 
USA, using probability occurrences to map most likely minor component spatial 
patterns.  Similarly,  spatial disaggregation of existing soil mapping at the continental 
scale was tested by Holmes et al. (2015; 2014)  using the ‘DSMART’ (Disaggregation 
and Harmonisation of Soil Map Units Through Resampled Classification Trees) 
approach developed by Odgers et al. (2014a; 2014b; 2015). The method produces a 
surface of the estimated probability of each soil class occurring, and can be used to 
produce a map of disaggregated minor soil components using the most probable 
predicted soil class at the most detailed taxonomic level (Odgers et al., 2014b).  A 
suite of assembled scorpan covariates were used, with a series of random samples 
selected by the DSMART algorithm from each polygon, under ‘n’ iterations.  A soil 
class is then assigned to each sampling point within each iteration, and a Decision-
Tree (DT) approach used from the sampling points to apply DT’s to the map grid.  
The total number of times each cell is allocated each soil type is then calculated for 
all iterations, and probabilities of soil classes occurring are then calculated to 
produce the final map based on highest probability values. Holmes et al. developed a 
harmonised soil mapping product, developed form a patchwork of existing (legacy) 
soil maps across Western Australia for a total area of 2.5 x 10
6
 km
2
, producing 
previously unmapped spatial predictions of raster soil properties, and validated using 
43,000 archived soil profile descriptions.  For individual soil profile predictions with 
the highest probability of occurrence, Holmes et al. found that a rate of 20 % 
validated correctly, and up to 40 % for the three most probable predictions.  Higher-
level classification groupings using the Australian Soil Classification (ASC) (Isbell, 
2002) increased validation to around 70 %. The disaggregation approach is 
considered useful in that the soil-surveyor’s expert knowledge is allowed to be 
spatially captured (Odgers et al., 2014a), and integrated with the qualitative DSM 
framework, and can be used to predict component soil attribute values from legacy 
soil association maps (Odgers et al., 2015). 
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The results indicated the capacity for the DSM disaggregation approach; however, a 
potentially superior DSM product can be produced when integrated with scorpan 
point-source predictions and used in a model-ensemble or model-averaging 
approach, as described by Malone et al. (2014).  Malone et al. presented a study 
located in the Dalrymple Shire of Queensland, Australia, where disaggregated 
products produced by Odgers et al. (2014a) were combined with predicted pH 
surfaces from scorpan kriging. Neither approach individually produced good 
predictions or associated diagnostics across the area; however, when combined 
using model-averaging methods (specifically a ‘Granger–Ramanathan’ approach 
(Granger and Ramanathan, 1984)), improved predictions were obtained.  Malone et 
al. concluded that model-averaging was beneficial to DSM, particularly as there are 
many methods available for testing, which would allow the better-predicting 
modelled areas to be used, and poorly-predicting areas discarded from each 
modelling type. 
The preceding SLGA examples are considered ‘operational’ in that it they are 
developed and applied by the relevant Government agencies and institutions 
responsible for providing soil and land resource information.  However, products 
were largely based on existing ‘legacy’ data, and do not provide examples of 
collecting new spatial soil data to answer specific environmental or agricultural 
problems.  The first version of the National Grids can be considered a ‘stock-take’ of 
available point-source soil data and available covariates, and is consistent with and 
specified to the GlobalSoilMap undertaking (Arrouays et al., 2014b).   Improvements 
to the SLGA will be dependent on the continued collection of new soils data and 
future surveys (Grundy et al., 2015). 
1.4.3.7 GlobalSoilMap Project 
The SLGA forms a substantial component of the Oceania node’s contribution to the 
‘Global Soil Map’ (GlobalSoilMap) project.  GlobalSoilMap (GSM) is a world-wide 
collaboration to produce fine-resolution grids of functional soil properties, for 
standard depths with associated uncertainties of predictions for the entire globe, to 
better inform global issues such as food and water security, climate change and 
31 
 
environmental condition decline (Hartemink et al., 2010).  This global alliance has 
further contributed to the rapid developments in DSM, where predictions are being 
applied and tested to country-based operational needs, and is driving increased 
participation, quality and volume of DSM research. 
For example, Akpa et al. (2014) demonstrated an ‘operational’ DSM approach to a 
National scaled prediction of particle size distribution data to GSM specifications in 
Nigeria, using Random Forest predictions.  Random Forests are similar to RT, but 
‘more random’ (Cutler et al., 2007; Grimm et al., 2008; Stum et al., 2010; Wiesmeier 
et al., 2011; Viscarra Rossel et al., 2014), where trees are generated independently 
using bootstrap samples, and variable separations are used to split each tree-node 
(Stum et al., 2010).  Akpa et al. produced encouraging results, showing realistic 
spatial interpretations of soil texture extent, for example, finer textured loams and 
clay loams in Western areas, and reasonable validation (on a 33 % ‘holdback 
sample’), for example, 15.6 % RMSE (root-mean squared error) for surface clay %.  
The authors also found that including the sample ‘depth’ value as a covariate 
improved overall model performance, and concluded that the results were 
potentially applicable to agricultural planning and environmental modelling on a 
National scale. 
Adhikari et al. (2012) produced a soil class map of Denmark using DSM, combining 17 
scorpan covariates, 1170 legacy soil profile data with a DT modelling approach.  The 
authors note the developing maturation of DSM into adequately providing an 
operational framework for soil assessment from local to global scales, describing the 
application of DSM to predict fine resolution (30 m) mapping of soil classes for the 
national coverage across Denmark as an example.  They developed relationships 
between the soil groups from the legacy data and the covariates using ‘See5’ 
software (Quinlan, 2014), a DT approach, which applies data-mining to develop 
relationships between the target class and covariate values into a series of trees, 
recursively partitioning until no further subset variation can be determined (Adhikari 
et al., 2012; McBratney et al., 2003).  GSM products, namely clay content for 2 
depths (topsoil and subsoil) were used as a covariate to effectively differentiate 
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between possible soil groups, and was found to improve the overall categorical 
predictions of the groups. The prediction accuracy for all groups was 66 %, which 
was deemed sufficient for various environmental management requirements in 
Denmark, for example, soil erosion and land use policy.   The maps could also be 
used for refining the mapping of many soil properties, potentially improving the 
contributions to GSM, and demonstrated the value of such classification approaches 
to producing GSM-specified property predictions for countries where little point-
source soil legacy data is available.  
Vaysse and Lagacherie (2015) also identify the operational evolution that DSM is 
following, majorly influenced and guided by the agreed and clearly defined 
specifications of GSM, and an increase in “practical” examples requiring data-specific 
goals.   As an example, Vaysse and Lagacherie describe a 27,236 km2 French DSM 
endeavour which aimed to spatially predict GSM-specified soil properties as a “proof 
of concept”, testing four popular methodologies including scorpan regression-
kriging, spatial-disaggregation, and area-weighted means.  The authors affirm the 
need for region-specific approaches of DSM due to the variations in soil-forming 
factors across the globe, availability of covariates and spatial density and quality of 
existing soil profile data.  Therefore, a diversity of available DSM methodologies will 
require testing to determine the optimal approach and best available covariates 
before being applied to new areas, especially in an operational context, (as 
emphasised by the research presented in this thesis for the specific Tasmanian 
geomorphological conditions).  Vaysse and Lagacherie used a suite of terrain, parent 
material, climate and land-use related covariates, in conjunction with available soil 
database sites, which were fitted to standard GSM-specified depths using mass-
preserving depth splines (Malone et al., 2009), removing extreme outliers, and 
transformation  (for example, logarithmic and square-root) for non-normal datasets.  
The methodologies for soil property predictions included;  
• An area-weighted mean (AWM), where the spatial representation of a soil 
property was determined by the proportion of the minor soils mapped as a 
soil mapping-unit for a 1:250,000-scaled legacy map. 
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• A testing of the potential for spatial disaggregation of individual soil types 
within soil mapping units; and 
• Scorpan modelling with and without regression kriging using Random Forests 
(RF). 
Vaysse and Lagacherie (2015) obtained variable predictions across the different soil 
properties and methodologies, achieving better results using the scorpan prediction 
methods than those using the legacy soil mapping (AWM and disaggregation).  There 
was little model improvement when using regression-kriging, with optimum 
predictive validations achieved when using RF alone as the modelling method.  With 
R-squared performances as high as 0.75 for subsoil pH, as well as reasonable 
validations for other soil properties such as organic carbon, particle sizes and coarse 
fragments, the authors showed the potential for applying the RF scorpan modelling 
to other areas of France for GSM-specified contributions, but acknowledged that 
some soil property predictions such as soil depth (to bedrock) will need further 
research, and the modelling was limited by the quality of the available soil data 
inputs.  
Again following GSM specifications, Hong et al. (2013) predicted spatial soil available 
water capacity for Korea using existing soil map, applying pedotransfer functions 
(PTFs (McBratney et al., 2002)) to this data to produce predictions for bulk density, 
field capacity and wilting point (Cassel and Nielsen, 1986), where the available water 
capacity (AWC) was determined as the difference between the field capacity (FC) 
and the wilting point (WP), and adjusted by bulk density (BD).  For each South 
Korean soil series, the modal AWC was predicted by applying a series of PTFs to 
appropriate input data, such as particle size analyses, organic matter content, and 
exchangeable cations.  A depth-spline function was applied to determine the values 
at each of the standard soil GSM depths (Malone et al., 2011).  Hong et al. obtained 
spatial validations (using an independent validation dataset) ranging from 0.36 in the 
topsoil, to 0.47 at depth (R-squared), which is comparable with other studies using a 
scorpan DSM approach.  The authors showed that by applying PTFs to existing data, 
gaps in this data could effectively be filled which allowed successful spatial 
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predictions of the desired soil property, (in this case, BD, FC and WP),  which will 
provide a means of evaluation or biophysical simulations for important agricultural 
considerations such as potential evapotranspiration. 
1.4.4 Soil Carbon and the Impetus to DSM Research 
In addition to the GSM impetus for informing soil-related information with respect to 
global food and water security, an area that is providing further interest and 
questions of spatial soil information is soil carbon fractionation and soil organic 
carbon (SOC) storage (Eswaran et al., 1993; Hartemink et al., 2010; Cotching, 2012; 
Arrouays et al., 2014a).  Carbon accounting, offsets and sequestration in terms of the 
world’s soil stocks have major implications for atmospheric carbon levels and climate 
change (Lal, 2004; Powlson et al., 2011).  DSM methodologies, in particular 3D, 
repeatable, quantitative capacities have been shown to provide effective prediction 
of carbon concentration and total quantities per unit area, at a variety of different 
scales (Minasny et al., 2013); from local to regional (Grimm et al., 2008; Liddicoat et 
al., 2015) and (Arrouays and Pelissier, 1994; Meersmans et al., 2009; Adhikari et al., 
2014; Kidd et al., 2015c; Vaysse and Lagacherie, 2015), continental (Odgers et al., 
2012; de Brogniez et al., 2015; Viscarra Rossel et al., 2015), and globally 
(Scharlemann et al., 2014; Köchy et al., 2015). 
Examples of DSM and SOC have been described in previous sections at these various 
scales and locations.  Further examples include Meersmans et al. (2009), who 
produced 3D predictions of SOC across Flanders, Belgium.  Data included over 7000 
sites (75 % for calibration, 25 % for validation), deriving an empirical model 
estimating depth distributions of SOC with respect to soil drainage, texture and land 
use; these relationships were applied to a digital soil map of Belgium 
(Ondersteunend Centrum GIS-Vlaanderen, 2001) at 15 m resolution to produce 
carbon stock maps at multiple depths.  From this approach, the authors were able to 
define useful relationships between soil depth and land use, providing insight into 
soil carbon distribution across the region. 
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A significant effort to quantify topsoil SOC across continental Europe is described by 
de Brogniez et al. (2015), who used data from the  ‘European harmonised geo-
referenced topsoil (0–20 cm)’ database (holding back 15 % for validation) with a 
range of multi-resolution covariates, using a generalised additive model approach to 
produce digital maps of SOC at 500 m resolution.  The authors demonstrated 
reasonably good modelling accuracy (R-squared = 0.28) across most of the continent, 
with poorer validation in carbon-rich parts of Scandinavia, which was attributed to in 
part the resolution of modelling (limited by the availability of explanatory spatial 
covariates across the whole continent), and an identified potential need to model 
organic and mineral soil separately due to differences in formation processes; this 
was similar in conclusion to the Tasmanian SOC modelling presented in Chapter 5 
(Kidd et al., 2015c) regarding the potential over-prediction of SOC in peat areas. 
1.4.5 DSM Methodologies and Operational Applications 
In 2013, the Global Soil Partnership (GSP) was officially formed, with all FAO/ UN 
countries agreeing to create a formal collaboration to manage global soils 
information, of which GSM has become a key function (McKenzie, 2014).  McKenzie 
further recognised the operational significance of GSM, providing the research 
impetus that has answered many existing spatial soil information issues, but also in 
identifying new areas of required research.  He noted that the evolution of DSM 
application, driven by GSM, is increasingly advancing into operational 
implementation, and the GSP is fundamental in ensuring that the resulting 
operational systems are coordinated and managed effectively into the future. 
1.4.6 Some Popular DSM Approaches 
In considering much of the published DSM literature, including the abridged 
examples above, some basic approaches are emerging as being common to DSM 
with respect to environmental correlation and scorpan.  For example, modelling 
approaches for continuous datasets with explanatory variables include linear 
models, regression trees (RT), random forest (RF), artificial neural networks (ANN) 
and certain clustering algorithms (e.g. fuzzy k-means), and decision trees (DT) for 
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categorical target variables.   Residual-kriging in conjunction with these approaches 
also features prominently, along with external independent validation and internal 
cross-validation approaches to assess DSM performance.  DSM sampling approaches 
discuss probability samples, purposive sampling, free-sampling, geostatistical, 
random, and stratified-random, with the cLHS approach (Minasny and McBratney, 
2006a) applied in several examples.  The term ‘operational’ is commonly being 
applied where DSM has moved from the research phase into producing functional 
DSM surfaces for specific uses such as Land Suitability, while much of the recent 
literature shows that GSM is providing this impetus.  This is demonstrated through a 
simple Scopus (Elsevier Publishing) literature search of relevant publications since 
2013, applying a combination of ‘digital soil mapping’ and other DSM-specific search 
terms, which are shown in Table 1-2.  It is worth noting that of the Scopus-aligned 
research material, there have been 392 instances of published DSM examples, 
demonstrating the level of research and investment being directed to this area of 
soil science.  
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SCOPUS search, Digital Soil Mapping 
AND 
Total 2013 to 1
st
 of June 
2015* 
“Null“ 392 
“Regression Trees” 33 
“Decision Trees” 43 
“Random Forests” 28 
“Latin Hyper-Cube” 20 
“Operational” 13 
“Cross-Validation” 20 
“GlobalSoilMap” 24 
“Land Suitability” 13 
“Fuzzy k-means” 11 
“Regression-Kriging” 37 
*Including journal articles and conference papers included in this thesis. 
Table 1-2.  SCOPUS returns for various DSM phrases (2013 to June 2015) 
 
1.4.7 Acceptance of DSM into Operation – Resistance by Traditional Soil Science 
Ahrens (2008) compared the introduction of API into conventional soil survey as a 
technological advancement that revolutionised this science, in much the same way 
that DSM is perceived to be revolutionising the present-day production of spatial soil 
information.  By manually viewing overlapping hard-copy aerial photographs with 
the aid of a stereoscope to merge the two images, the surveyor was able to perceive 
an optical three-dimensional illusion of the landscape, allowing them to hand-draw 
boundaries of likely soil-landscape sequences, which greatly improved the efficiency 
and accuracy of the mapping process by increasing the ‘desk-top’ component, and 
reduction in field time.  However, Ahrens compares the initial reluctance to accept 
this process by some soil surveyors to that of the continued reluctance of modern-
day soil scientists to accept DSM as a legitimate science.  Despite the multitude of 
research and published literature irrefutably demonstrating the legitimacy and 
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benefits of DSM and the positive aspects that enhance traditional soil mapping, it is 
still viewed with scepticism by many traditional soil scientists.  Ahrens considers this 
mainly due to ignorance and a lack of understanding of the concepts by some 
pedologists and scientists.  Ahrens surmises the potential of DSM, but the reluctance 
to adopt it stating “DSM has the potential to deliver the needed information and in 
fact may provide better and more accurate information.  However, the technology of 
DSM must overcome the scepticism associated with any new technology in the 
traditional world of soil survey where new technologies have been few and far 
between”.  Despite the educated perceptions of Ahrens being published in 2008, and 
regardless of the advances made by DSM since (some of which is demonstrated in 
this thesis), there is still a perceived reluctance to accept DSM science by some 
traditional soil scientists, especially in Tasmania. 
MacMillan (2008) noted a ‘considerable’ resistance to DSM, usually arising from 
concerns of the final mapping ‘quality’, and as at 2008, had yet to be widely adopted 
into operational mapping by soil-related agencies.  MacMillan recognised the 
acceptance of “known products produced by conventional means”, compared to the 
scepticism and suspicion of new products produced by new technologies.  He 
advised that to overcome initial agency resistance required demonstrations that 
convincingly show DSM products that were outperforming traditionally-derived 
products, and associated comparative costs.  This is a ‘staged’ approach, using a pilot 
study area as proof of concept, before rolling out into wider area operation.  This 
was the approach taken and applied in Tasmania (See Chapter 4). 
Despite being 2 years later (2010), with many published advances in DSM lending to 
more scientific rigour and therefore confidence to operationalise, similar resistance 
issues were met when first introducing DSM into Tasmanian State Agency land 
resource assessment, (and even 5 years later as this thesis was developed), both 
within the Agency (Department of Primary Industries Parks Water and Environment, 
Tasmania, DPIPWE), and throughout the Tasmanian (and Australian) soil science 
communities.  Most of this resistance was in the form of ad hoc and informal 
criticisms of methodology by various soil scientists in Tasmania, which was 
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addressed through DSM methodology demonstrations through presentations and 
publishing.   
Despite resistance to DSM, scientific recognition of the potential for predictive soil 
mapping approaches to deliver the functional spatial soils information required to 
adequately address the environmental, economic and agricultural needs of Australia, 
the CSIRO (guided by the NCST and advised by the University of Sydney) have 
actively encouraged and funded the impetus of DSM into state-based soil agencies, 
providing training and resourcing of projects.  This collaborative approach has 
resulted in the rapid take-up of DSM within Australia, with productive efforts to 
standardise and test a range of DSM-related activities (Robinson et al., 2010; Wilson 
and Thomas, 2012).  In preparation, DSM procedures and applications were briefly 
introduced in the current version of the Australian soil and land survey guidelines 
(McKenzie et al., 2008; Minasny et al., 2008). 
As discussed, both traditional soil mapping (integrated soil-landscape mapping 
(Hewitt et al., 2008) and scorpan DSM (McBratney et al., 2003) use an 
environmental-correlation approach.  The former is more subjective, but uses soil-
expert knowledge, the latter objective, more quantitative-based and repeatable.  If 
the DSM practitioner is also a soil science expert, or works closely with such experts, 
the best of both approaches can be achieved, as more meaningful covariates (in 
terms of explaining soil-landscape patterns) can be tried and used in the DSM 
modelling, and outputs can be more adequately assessed for not just statistical 
agreement and validation of mapping performance, but whether the soil-landscape 
patterns depicted by the DSM outputs are realistic representations of the soils-
geomorphology sequences observed or expected in by soil-experts in the ‘real-
world’. 
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1.5 Tasmanian Soil Information to Inform Irrigation Expansion 
As at June 2015, 19 irrigation schemes have been commissioned within Tasmania in 
addition to existing irrigation areas, funded by a combination of Federal, State and 
private investment; of these, 11 are now operational, 2 under-construction, and the 
remainder at the planning stage 
(http://www.tasmanianirrigation.com.au/index.php/).  The Tasmanian state 
government, originally under the ‘Wealth from Water’ project, funded the pilot 
study for developing ‘enterprise suitability assessment’ for 20 different crops, 
requiring comprehensive soil and climate spatial data for a combined 70,000 ha in 
two study areas, the Midlands Irrigation Scheme around Tunbridge, and the 
Meander Irrigation Scheme (See Chapter 4).  The 20 enterprises cover a range of 
perennial horticulture, cereal, vegetable and pharmaceutical crops, and are listed 
below; 
 
barley; blueberries; carrot seed; carrots; cherries; hazelnuts; industrial hemp; linseed; 
lucerne; olives; onions; poppies; potatoes; pyrethrum; raspberries; rye grass for dairy; 
strawberries; wheat and wine grapes (pinot noir and chardonnay). 
 
Pre-defined suitability rulesets were developed by the Tasmanian Institute of 
Agriculture (TIA), based on a combination of research trials, available literature, and 
workshops to determine the best parameters and ranges from a group of industry 
experts and agronomists.  The suitability framework followed a most-limiting-factor 
approach (Klingebiel and Montgomery, 1961), where the overall suitability rating for 
each commodity is limited by the lowest-suitability rating for any one input 
parameter (soil, climate or terrain).  A sample suitability ruleset for onions (Allium 
cepa) is shown in Table 1-3 (soil and terrain parameters) and Table 1-4 (climate 
parameters). 
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Suitability 
class 
Soil 
Depth 
(cm) 
pH 
(H2O) 
(top 
15cm) 
ECse 
(top 
15 
cm) 
Drainage 
Class 
Stoniness 
(stones % 
> 60 mm 
in the top 
15 cm) 
Slope 
(%) 
Exch Ca 
(ppm) 
(top 15 cm) 
Exch Mg 
(ppm) 
(top 15 
cm) 
Well Suited  >25 > 6.0 <2.0 Rapid to 
Well 
< 2 < 5 > 2000  > 120 
Suited >25 > 6.0 2.0-
4.0 
Moderate 
< 2 5 to 10 > 2000  > 120 
Marginally 
Suited 
20-25 5.8 - 
6.0 
2.0-
4.0 
Imperfect 
2 - 10 10 - 20 > 2000 > 120 
Unsuited <20 < 5.8 > 4.0 Poor to very 
poor 
> 10 >20 < 2000 < 120 
 
Table 1-3.  Onions Suitability, Soil and Terrain 
 
 
Suitability class Heat at harvest 
> 3 days where Tmax > 
31
o
C at harvest  
(January or February) 
Rainfall at harvest (> 3 days 
in any 7 day period with ≥ 5 
mm rain/day during January – 
March) 
Spring frost 
At least 1 day where  
Tmin <0
o
C in November 
Well Suited <1/10 years <1/5 years ≤ 2/5 years 
Suited 1/10 - 2/10 1/5-3/10 ≤ 2/5 years 
Marginally Suited 2/10 – 3/10 3/10-2/5 >2/5 years 
Unsuited > 3/10 >2/5 years >2/5 years 
 
Table 1-4. Onions Suitability, Climate 
 
From the rulesets for all crops, the required soil parameters, and therefore soil 
attributes requiring functional digital soil maps were; 
 
pH(water); EC (saturated extract); clay %; various coarse fragment size percentage 
estimates; exchangeable calcium; exchangeable magnesium;  (all in the surface 
15cm), and; 
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soil drainage class, depth to sodic layer (exchangeable sodium % > 6 (Isbell, 2002)), 
depth to impeding layer (effective rooting depth); (for the whole soil profile). 
 
Soil attributes such as drainage class and stone estimates are routinely determined 
through expert qualitative field estimates (National Committee on Soil and Terrain, 
2009); the expense and time to determine these quantitatively were outside the 
resourcing of this study, so required testing as qualitative predictions in the 
quantitative DSM framework, and presented in Chapters 2 and 4.  The range of 
different Tasmanian soils, climate, and land uses are described in Chapters 2, 3 and 
5. 
Climate parameters were developed using similar spatial predictive techniques and 
parallel research that invoked the placement of temporary temperature sensors in 
optimally-located areas around the state, with a suite of DEM-based terrain 
derivatives as covariates (Webb et al., 2014; Webb et al., 2015). 
The Tasmanian Government, from 2015, implemented the ‘Water for Profit’ 
program, (http://dpipwe.tas.gov.au/about-the-department/water-for-profit), 
allocating a further $1.5 million to further develop the irrigation and cropping 
decision support tools, specifically the Enterprise Suitability Assessment presented in 
Chapters 2, 3 and 4, to expand this suitability assessment into the entire state 
(Chapter 5), and the remaining 17 irrigation schemes.  This effectively required DSM 
to become operational, and be implemented as part of core business for land 
resource assessment. 
1.6 A Typical DSM Sequence in Application 
In review of much of the DSM-related literature, the following summarises the basic 
scorpan processes used to create DSM surfaces of various soil attributes, for areas 
where there is existing soil data, covariates, and resourcing to undertake additional 
soil sampling; 
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1. Determine soil property requirements, use of data and appropriate 
resolution (e.g. 30 m). 
2. Compile existing soils data, maps and spatial covariates (e.g. DEM, multi-
spectral satellite imagery, geology maps, gamma-radiometrics, vegetation 
maps, land use maps). 
3. Process terrain derivatives from DEM (e.g. slope, curvature, topographic 
wetness indices) and re-sample all covariates to standard grid system. 
4. From available resources and existing point-source data, determine number 
of samples to be taken. 
5. Generate sampling design based on covariate distribution (e.g. cLHS), allocate 
separate independent validation set, and undertake sampling. 
6. Take soil core and subsample based on horizons or layers. Analyse the 
samples using infrared spectroscopy and some with standard laboratory 
methods. 
7. Determine important soil properties, and fit mass-preserving depth-splines to 
standardise depths. 
8. Intersect covariates with soil sample and existing point data, determine best 
predictors (e.g. step-wise linear regression). 
9. Generate appropriate model(s) for each individual soil property and depth 
(eg. RT), use internal cross-validation to test model performance. 
10. Determine modelling residuals, test for auto-correlation and spatial 
dependence by various models; if appropriate, krige the model residuals and 
add to original model (regression-kriging). 
11. Create a digital soil map by applying model to the covariates used for 
predictions and generate uncertainties (upper and lower prediction limits, at 
specified confidence (e.g. 90 % for GSM). 
12. Intersect independent validation set with soil property maps determine 
mapping quality and performance (within prediction limits) 
13. Apply interpretations to DSM products to undertake digital soil assessment 
(DSA, (Carré et al., 2007a), e.g. land suitability. 
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This approach formed the basis for soil-mapping component of the land suitability 
assessment for irrigation expansion in Tasmania, and is tested, adapted and 
presented further in Chapters 2, 3, 4, 5 and 6.  This approach was considered 
appropriate for the required purposes at 30 to 80 m resolution (regional) outputs; 
however, for finer resolution paddock-based applications such as precision 
agriculture (McBratney et al., 2005), irrigation scheduling, or farm-based 
applications, proximal-sensing (Viscarra Rossel et al., 2010; McBratney et al., 2011) 
to derive covariates that explain more detailed variability in soil properties will be 
required, as described by Triantafilis et al. (2005; 2009a; 2009b), such as 
electromagnetic induction, or proximal-sensing of gamma-radiometrics  (Viscarra 
Rossel et al., 2014). 
1.7 Digital Soil Assessment 
Once functional DSM grids have been produced to standards appropriate for 
operational use, they can be applied as environmental or agricultural modelling 
parameters, or queried to inform a range of biophysical, environmental, or 
agricultural assessments.  Throughout this chapter, DSA (Digital Soil Assessment) has 
been alluded to; it has basically been considered as the application of various 
biophysical interpretations to DSM (Carré et al., 2007a).   DSA is suggested by Carré 
et al. (2007a) for assessing threats to the soil asset which can result in various forms 
of degradation, and/ or processes that assess functions of soil, such as biophysical 
interactions, production and usage, where DSM is an input to the overall DSA.  DSA 
can be used to identify environmental risks and land evaluation, such as agricultural 
land suitability for various crops, and integrated with other environmental or socio-
economic data for tailored end-user requirements (D’haeze et al., 2005; Carré et al., 
2007a).  The land suitability cases reviewed previously (van Zijl et al., 2014; Harms et 
al., 2015; Thomas et al., 2015) are all examples of an operational rudimentary DSA 
framework.  For land evaluation, including suitability assessment, the DSA can 
involve direct digital interpretations to the DSM grids, pixel-by-pixel, to inform 
conditions that support agricultural uses, and integrated with other parameters such 
as climate, terrain, distance to markets, market demand or commodity prices 
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(D’haeze et al., 2005) to refine the overall assessment.  Identification of potential 
environmental damage, specifically related to soil can also be a form of DSA, as per 
the specified factors described by van Zijl et al. (2014) (for example, compaction), or 
applying existing soil erodibility assessment systems to the DSM layers, such as the 
‘Revised Universal Soil Loss Equation’ (RUSLE) (Renard et al., 1991; Renard et al., 
1997; Millward and Mersey, 1999; Lu and Yu, 2002). 
Rossiter (1996) described and summarised the various qualitative and quantitative 
approaches of physical land evaluation into a theoretical framework of different 
categories.  These encompassed a range of considerations, including; spatial and 
non-spatial analysis; static and dynamic concepts of the soil, land resource and 
suitability; land ‘qualities’ (a set of parametric conditions); physical constraint 
evaluation to land use and productivity; land use complexity; operations of scale; 
and multi-faceted or single-use considerations of land suitability.  Within these 
different considerations of land evaluation, Rossiter included the computational 
considerations (using a range of qualitative and quantitative evaluation methods), 
complexity of outputs (mechanistic or empirical type modelling), and the spatial 
hierarchical scale of the evaluation models.  Each of these factors is more or less 
evident within all published land evaluation examples around the world, ranging 
from simple, static, prescriptive approaches to complex biophysical modelling of 
spatial yield projections (Burrough, 1996). However, in describing the overall 
framework and different land evaluation approaches, he stressed there was no 
single approach applicable to all areas, conditions, requirements or land uses; all 
must be considered when formulating the most applicable approach for a given 
scope.   
There are many relevant examples of land suitability assessments using a range of 
complexity, from discrete rulesets based on the FAO system, to more continuous 
applications of digital technology.  An early Australian example of the latter was 
undertaken in the lower Namoi Valley (Edgeroi, New South Wales) by Triantafilis et 
al. (2001), who noted that the discrete partitioning of target landscapes by 
traditional land suitability approaches did not effectively capture the continuous 
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nature of the land.  The assessment applied a fuzzy approach (Bezdek et al., 1984; 
Burrough, 1989; Burrough et al., 1992) for a range of broad-acre crops as a 
continuous index, where 1 = ‘suited’, and 0 = ‘unsuited’, based on an additive 
limitation score determined from a range of different soil and terrain parameters.  
The ratings were applied to individual sites (210 in total) for individual crops, and 
used to produce an averaged product of overall land versatility.  Triantafilis et al. 
then generated continuous maps from the site ‘suitability scores’, firstly by 
transforming the site data to a near-normal distribution, then applying ‘punctual 
kriging’, that is, point-kriging rather than block-kriging (Burgess and Webster, 1980), 
based on semivariance analysis to determine the appropriate model.  The authors 
showed that the method could provide realistic and effective maps of continuous 
suitability for a range of different crops across the study area, as well as agricultural 
versatility; however, relatively large confidence intervals (at 95 %) showed some 
reliability issues in the spatial estimates interpolated between each site, mainly due 
to low sampling density.  They acknowledged that reliability would be improved by 
increased sampling, including additional sites placed in close proximity to improve 
estimates of short-range variability, and the overall potential for this approach to be 
used as a tool for improved land evaluation, when used in conjunction with both 
expert field interpretations and additional ground-truthing. 
Conventional and traditional land evaluation assessments, such as the FAO 5 class 
suitability system (FAO, 1976), or the most-limiting factor approach (Klingebiel and 
Montgomery, 1961), many using discrete parametric rulesets and expert systems, 
still have a valid use when integrated with DSM into a DSA (Manna et al., 2009); 
however, with digital and higher quality soil attribute inputs, there is a greater 
capacity to use and develop more complex and intuitive DSA frameworks, such as 
weighted multi-parametric systems described by Rabia and Terribile (2013), and 
integration with Bayesian Theory (Taalab et al., 2015).   
Rossiter (2003) discussed the feasibility of integrating DSM with biophysical 
modelling into DSA, such as APSIM (Keating et al., 2003), which can facilitate 
biophysical interactions between land management, nutrient inputs, climate, and 
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specific cropping requirements to make temporal predictions of yield.  Such models 
are routinely single-location simulations; however, with digital soils data, the 
modelling can be executed through each pixel to produce spatial estimates of 
temporal yields.  Using biophysical models within a DSA, temporal effects of land 
management and present and forecast climate conditions can be integrated to 
identify areas of higher yields; these can be considered more suited to an enterprise, 
with variations in management and yield outputs used to spatially identify the soil or 
climate limitations requiring consideration in specific areas. This could potentially 
provide a superior product to traditional land evaluation frame-works as a range of 
simultaneously occurring biophysical inputs and managements can be spatially 
modelled to show areas expected to produce better production outcomes per unit 
area. However, Manna et al. (2009) warn that that complex land evaluation systems 
do not necessarily improve the quality of the outputs. 
Although the FAO (1976) and Klingebiel and Montgomery (1961) type of approach is 
largely qualitative, it can be enhanced and improved through application of more 
quantitative methods (Triantafilis et al., 2001); this can either be within the 
suitability framework itself, or the parametric input variables, or both.  In the work 
presented in this thesis, the initial land evaluation enhancements are through the 
DSM and derived climate grids.  This suitability framework adapted and used in 
Tasmania is presented in more detail in Chapters 4 and 6 (Kidd et al. (2015b)), with 
the pros and cons of the approach evaluated and alternative methods discussed. 
1.8 Thesis Research Questions 
Much of the recent literature on DSM indicates research gaps in the application of 
DSA into operational land resource assessment.  This, combined with the need for 
new and specific spatial soil information to inform irrigated agricultural development 
in Tasmania, has driven the context and structure of the applied research presented 
in this thesis.  Several research demands pertaining to the operationalization of 
predictive soil mapping have emerged;  
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1) Providing objective continuous maps of soil properties that can be accomplished 
with newly collected field data, using existing soil descriptions skills, and sampled 
within tight timeframes and budgets.   
2) Produce maps of functional soil properties at different depths, at the appropriate 
resolution.   
3) Taking components from the DSM research discipline, applying and adapting 
these to practical and operational frameworks.   
There is an identified specific need to test the application of DSM research with 
operational land resource assessment, both regionally, state-based and nationally.  
Tasmania has been one of the first Governments to invest in applying these 
approaches operationally, through the ‘Wealth from Water’ and ‘Water for Profit’ 
projects, with funding and support from the Australian Research Council Linkage 
project (LP110200731, Wealth from Water) and the University of Sydney, Faculty of 
Agriculture and Environment.  The applied research presented here has now been 
integrated into DPIPWE core-business (Sustainable Land Use and Information 
Management, ‘Water for Profit’ (DPIPWE, 2015)), effectively concerning the 
following research themes; 
a) Demonstration that some of the popular DSM sampling strategies are 
impractical and difficult to implement in challenging environments and 
intensively used private-tenure land.  Development and incorporation of 
practicable sampling methodologies that provide a means for sampling the 
range of all covariate values used within a predictive modelling of soil 
properties, along with independent validation sites, which allow enough 
flexibility to complete resourced sampling targets when access is highly 
constrained (Chapter 2). 
b) A method for providing the appropriate spatial soil property information 
without the need to undertake expensive and time-consuming replicated 
field measurements, taking full advantage of and extrapolating soil scientist 
expert knowledge across the landscape (Chapter 3). 
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c) Developing functional soil property maps to required depths and attributes 
that fit within a limitation-based suitability framework, parametrised 
specifically to suitability rule-sets, and optimised for large area operational 
land resource assessment activities (Chapter 4). 
d)  Expanding the functional mapping process to a larger, state-wide area, 
integrating newly collected data with existing legacy sites, producing 
associated uncertainties of prediction as upper and lower prediction limits, 
and using these to guide where future soil sampling campaigns should be 
resourced (Chapter 5). 
e) Applying and testing a conventional land suitability framework with the 
functional DSM surfaces, as part of an overall DSA, while assessing 
agricultural versatility and capital. 
f) Overall development of a framework for operational DSA, specifically to 
inform land suitability assessment. 
This thesis does not concentrate on any one specific aspect of DSM, but the 
incorporation of the multi-faceted components of the science into an operational 
framework; soil sampling, choosing covariates, 3D soil property predictions, 
uncertainties, validation, choosing diagnostics, producing maps and informative 
formats, and delivering the information to relevant audiences; and presents further 
evidence to integrate these learnings into the traditional soil science disciplines and 
operational needs.  The initial and continued resistance of the traditional Tasmanian 
soil science community to have DSM accepted into operation has driven the need to 
formally publish and seek scientifically rigorous peer-review of the applied DSM, 
which is presented as chapters of this thesis.   It is anticipated that the research 
presented here can provide sufficient evidence and operational functionality to 
encourage comparable DSM methodologies into land evaluation both in Tasmania, 
and for implementation elsewhere.    
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Operational Sampling Challenges to Digital Soil Mapping in Tasmania, 
Australia 
2.1 Abstract 
Digital soil mapping (DSM) was used to generate soil property surfaces at 30 m 
resolution for Tasmanian Government Land Suitability Modelling in Tasmania, 
Australia.  Soil predictions were required for pH, EC, clay percentage, stone content, 
drainage, and depth to sodic and impeding layer. This chapter provides background 
to the Tasmanian DSM project, some discussion of sampling designs for DSM, and 
the pros and cons of their implementation in the field with due consideration of 
operational constraints in a Tasmanian case study, highlighting the need for sampling 
flexibility within ‘real-world’ conditions. 
An integral component of any DSM process is a sound sampling design that 
represents the full range of environmental variables used. However, in cases where 
there are operational constraints, the approach needs to remain flexible, efficient, 
and compatible with project area land use and terrain. In two separate study areas, a 
combined 700 training and 230 validation sites were sampled over 70,000 ha.  A 
Conditioned Latin Hypercube (cLHS) sampling design was used for the initial 
sampling for DSM training sites, with ‘contingency sites’ created for alternative 
sampling if access was constrained.  The pre-defined (‘strict’) sample locations 
proved difficult to implement in the field, with a variety of access issues making 
sampling slow and arduous.  In an attempt to increase sampling progress rates to 
meet tight project milestones an alternative ‘relaxed’ sample design based on 
random sampling of fuzzy k-means covariate clusters (strata) was used for the 
second study area.  A map of clusters provided to soil sampling staff allowed difficult 
sites to be relocated within the same cluster type, maintaining stratification.   The 
relaxed approach still adequately represented the covariate distribution while 
providing greater flexibility to site placement.  
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2.2 Introduction 
Recently, there has been a growing concern over food security in Australia where it 
is feared food prices could rise by as much as 50 per cent in the next decade. This is 
mainly due to a potential scaling back of production in the Murray-Darling Basin as it 
faces both climate change and a reduction in water allocation for irrigation. 
Tasmania is seen as a potential and significant part of the solution, with its predicted 
warming climate allowing a wider variety of food crops to be grown, and a surfeit of 
water resources. Steps are being made to develop the State as an important new 
agricultural production area for Australia and the region by development of new 
irrigation areas, with the aspiration of growing a wider variety of food crops. The 
basis for the planned development is the efficient and sustainable management, 
movement, and use of water through new irrigation networks. 
The ‘Wealth from Water’ Project commenced in November 2010 to support irrigated 
agricultural expansion through land suitability mapping, using digital soil assessment 
(Carré et al., 2007).   It was a partnership between the Tasmanian Department of 
Primary Industries, Parks, Water and Environment (DPIPWE), the Department of 
Economic Development, Tourism and the Arts (DEDTA), the Tasmanian Institute of 
Agriculture (TIA), ACLEP (the Australian Collaborative Land Evaluation Program), and 
the University of Sydney (through an Australian Research Council Linkage Project).  
Commencing in the Tasmanian Meander Valley (43,000 ha) and Midlands 
(Tunbridge, 27,000 ha) irrigation districts, Enterprise Suitability Rules were 
developed by TIA for 20 enterprises using Tasmanian agricultural research trials, 
existing literature, and consultation with industry experts.  Enterprises included: 
alkaloid poppies, carrots, hazelnuts, barley, blueberries, pyrethrum, and commercial 
hemp.  The suitability rule-sets required soil property and climate parameters, 
including pH, EC (electrical conductivity), clay content, depth to sodic layer, depth to 
impeding layer, stone content, drainage class, frost-risk, chill hours, and growing-
degree days (Kidd et al., 2012). 
An integral component of any suitability assessment is appropriately detailed soils 
information.  Existing soil mapping for the project areas was not at the scale, format 
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or quality for the assessment requirements; consisting of 1:100,000 vector soil type 
mapping undertaken by CSIRO in 1950s, recently updated by DPIPWE (Leamy, 1961; 
Spanswick and Zund, 1999; Spanswick and Kidd, 2001).  Various DSM techniques 
were used to generate soil property maps for the suitability process.  There are now 
sufficient published examples describing the prediction of soil property surfaces 
using digital soil mapping (DSM) methodologies based on the scorpan approach 
(McBratney et al., 2003), to make this an evidence-based  operational approach.  
These predicted surfaces can provide continuous and quantitative soil property 
estimates (as opposed to conventionally-derived polygonal soil type surfaces), also 
having the advantage of statistical validation and associated uncertainty of 
prediction.   Soil property mapping using these methodologies was considered the 
optimal approach to provide suitability model inputs within available time and 
resources.   
An integral component of a DSM process is a sound sampling design that ensures 
calibration and validation sites are representative of the full distribution of the 
covariates used for prediction.  Ideally, sampling should encompass the full range of 
environmental conditions within a study area. Doing this will limit the subjectivity 
inherent in traditional sampling approaches such as free-survey (National Committee 
on Soil and Terrain, 2009).  However, for operational endeavours such as the Wealth 
from Water Project, the sampling approach needs to remain flexible, efficient, and 
compatible with project area land use and terrain.  Large mapping areas will require 
even greater operational flexibility.  Such operational projects often have limited 
budgets, are time-constrained, and require efficiencies in field effort, often the most 
expensive component in land resource assessment.  The common DSM approach to 
sampling using a ‘strict’ sampling design with pre-determined coordinates is often 
difficult and time-consuming to apply, with numerous access constraints either 
slowing progress or preventing sampling at desired locations.   
This chapter documents an operational DSM case study, the logistical problems 
encountered using a popular pre-defined sampling strategy, and the interim solution 
developed and applied within the tight project time-constraints.  The approach used 
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covariate stratification for a randomised sample design which allowed physically 
impractical sites to be manually re-located within the field to more accessible 
locations within corresponding strata, while still maintaining the same number of 
samples from each of the strata types.  The thrust of this chapter is not to provide an 
exhaustive review and comparison of the multitude of sampling techniques 
developed for predictive soil mapping, but to discuss the problems inherent in real-
world soil sampling, and document the pragmatic methodological compromise used 
to improve operational sampling speed and efficiency, while still providing 
representation of the environmental co-variables used for predictions. 
2.2.1 Soil Sampling Approaches 
Strategies used for soil sampling design generally include; traditional and subjective 
free-survey for conventional soil landscape, or soil association mapping (National 
Committee on Soil and Terrain, 2009); geostatistical (model-based) approaches, that 
evenly sample the physical geographic space; and techniques developed for digital 
soil mapping which sample the entire covariate feature space (Minasny and 
McBratney, 2006; Vašát et al., 2010).    Sampling optimisation across the full range of 
predictor or explanatory variables (covariates) is necessary to maximise 
environmental correlation (McKenzie and Ryan, 1999).  Brus and de Gruijter (1997) 
differentiated between design-based and model-based approaches; design-based 
sampling mainly uses a statistical approach where a random component is essential 
in the selection of sampling locations, and the inference is based on the selection 
probabilities. This is useful if there is a need to know the status or the change in soil 
properties over an area, e.g. monitoring soil carbon stock. A model-based approach 
presumes that the unknown soil attribute value at any location is random; if there is 
a requirement for mapping or knowing how the soil properties vary in the field the 
model-based sampling approaches are commonly used.  
A sampling strategy can either be undertaken in terms of optimally covering the 
geographical space, the covariate feature space, or both. There has been some 
debate as to whether geographic constraints, i.e.  spacing or dispersion of the 
sampling design, or perhaps incorporation of coordinate positions as covariates, is 
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warranted (Minasny and McBratney, 2006).  The accuracy of estimating the spatial 
means of an environmental variable can be increased by dispersing the sample 
locations uniformly across the study area (Walvoort et al., 2010). However, the need 
for the spatial dispersion of sample locations could be diminished when using 
environmental variables for predictions, or when environmental predictors are 
known and available (Brus et al., 2006), that is, the sampling design is based on the 
covariate distribution of values. 
A popular sampling method used in DSM is the ‘Conditioned Latin Hypercube’ (cLHS), 
a purposive model-based sampling approach that maximally stratifies the full 
multivariate distribution, where the sample distribution closely replicates the 
covariate distribution (Minasny and McBratney, 2006).  However, such pre-
determined, ’strict’ sampling methods can be inflexible with little room for 
alternative site selection in the field.  This can be exacerbated when sampling 
intensively-used agricultural land due to a range of access constraints, such as 
farmer consent, infrastructure, contamination, travel distance and management 
phase.    Logistical and operational problems have been documented using ’strict’ 
approaches elsewhere; Roudier and Hewitt (2012) incorporated operational 
constraints into the cLHS design where sampling costs were assimilated as a 
consideration of distance to roads for ease of access, while Thomas et al. (2012) 
encountered access difficulties due to extreme terrain, travel distance and 
vegetation cover while sampling mountainous, heavily vegetated landscapes in the 
Philippines. 
Clifford et al. (2014) also identified operational sampling problems using a pre-
defined sampling regime in a large and remote study region in Queensland, 
Australia, totalling 12.8 million ha.  In response, they developed a ‘flexible Latin 
hypercube sampling (fLHS)’ approach and simulated efficiencies in field effort that 
potentially increase soil sampling rates with respect to resourced time-constraints.  
Clifford et al. (2014) aimed to optimally cover the covariate feature space while 
targeting more easily accessible sites (constrained to buffers around formed roads 
and tracks), and providing alternative nearby sites (covering a surrounding area of 40 
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ha) for consideration when initial sampling sites are inaccessible.  The flexible LHS 
approach was developed and documented after completion of the Tasmanian field 
campaign described in this chapter, so was therefore not considered in this project.  
Due to the unforeseen time taken to carry out an initial cLHS sampling campaign 
within our case study, a timely and alternative solution was needed to ensure that 
remaining field sampling was completed by the strict project milestones, and ensure 
field-work was completed before many areas became too wet to sample due to 
expected seasonal rain.  It was chosen to use ‘fuzzy k-means’ (FKM) clustering of 
covariates as sampling stratum, where target sites were equally distributed by 
number within each stratum, and field staff could move sites within the mapped 
clusters to maintain stratification and representative covariate distribution.  
2.2.2 k-means Stratification of Covariates  
k-means is a popular clustering methodology for multivariate analysis which 
determines clusters based on multivariate centroids, minimising the mean squared 
distance between objects and the closest centroid values (MacQueen, 1967; 
Hartigan, 1985; Brus et al., 2006). Multivariate within-cluster variance is optimised to 
be as small as possible for each cluster, grouping very similar attribute values for 
each cluster, and small spatial distances between them for spatially-structured 
datasets (Burrough et al., 2000). Fuzzy k-means (FKM) is an advanced option of 
‘hard’ k-means where each observation has a degree of belonging to clusters.  
Burrough et al. (2000) demonstrated the use of FKM for partitioning soil-landscape 
data, useful for prediction of discrete properties or soil types with boundary 
overlaps.  It has also been used for sampling design, both for geographical clustering, 
when no environmental variables are used for predictions (Brus et al., 2006), and 
feature, or covariate stratification (Minasny and McBratney, 2006). However, FKM is 
not able to accommodate categorical variables, therefore un-ordered categorical 
data, such as soil type or geological mapping, are not able to be used as sampling 
covariates. 
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The classical FKM algorithm, as succinctly described by Bezdek et al. (1984), 
computes a cluster membership function, a value between 0 and 1, which 
determines the membership that a pixel or raster cell belongs to a particular cluster.   
The algorithm undergoes a series of iterations, where the value of a fuzzy exponent 
is set to a value greater than 1 to control the amount of ‘fuzziness’ of pixel 
membership to each cluster.  The membership function is randomly initialised to a 
value between 1 and 0, and the cluster centroids computed. The distances (e.g. 
Euclidean or Mahalanobis) between each pixel value and the cluster centroid 
measure is determined, and a membership function is generated.  A membership 
value for each pixel belonging to each cluster is obtained by re-running the algorithm 
such that it is looped until the membership values for all pixels converge and do not 
change significantly.  The membership value for a pixel belonging to a cluster that is 
closest to 1 implies that pixel most likely belongs to that cluster (Zadeh, 1968; 
Chapron, 2011).  For a ‘good’ fuzzy k-means classification, the partition coefficient 
(the ratio of within-cluster variance to between-cluster variance) should be close to 
1, and the classification entropy (information entropy) should be close to 0 
(Burrough et al., 2000).  
The aims of this chapter are to; 
1. Document a case study of the real-world problems and potential solutions 
associated with a strict (pre-determined) sampling-design in a Tasmanian 
operational DSM program. 
2. Test a sampling design that represents the covariate feature space, but is 
able to increase sampling rates when compared against a ‘strict’ approach. 
2.3 Materials and Methods 
2.3.1 Project Areas 
Tasmania, as Australia’s southern-most, and only island state has a cool-temperate 
climate, with mean annual rainfall averaging over 1800 mm yr
-1
 in the west, to less 
than 450 mm yr-1 in the central Midlands (Bureau of Meteorology, Australia).  
Population is about 500,000 people, with agriculture being one of the most 
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economically important activities, covering a diverse range of soils and landscapes 
and associated native flora and fauna.  The project was undertaken across two 
separate pilot areas; the Meander and Midlands (Tunbridge) Irrigation Districts, with 
a total area of approximately 70,000 ha (Figure 2-1). 
 
Figure 2-1. Project Locations, Tasmania 
2.3.1.1 Meander 
The Meander project area is primarily used for a wide range of agricultural practices, 
including grazing (cattle and sheep), dairy, cropping (cereals, vegetables and alkaloid 
poppies) and perennial horticulture (strawberries, raspberries and hazelnuts).  
Rainfall averages between 650 mm yr-1 in the East to over 1000 mm yr-1 in the West.  
Mean minimum temperatures range from 0.5 °C in winter to 10.4 °C in summer, and 
mean maximums of between 22.5 °C and 8.7 °C for summer and winter respectively. 
The Tasmanian central plateau and the escarpment of the Great Western Tiers 
mountain range dominate the landscape in the Meander area, where extensive block 
faulting has disrupted the surface during the lower to middle Tertiary Period.   The 
Meander project boundary follows the Meander Irrigation Scheme and was selected 
because it has an inherent variety of soils, and a diversity of land uses and 
landscapes.  Tasmanian geological structure largely determines the pattern of soils 
due to the strong influence of rock type upon soil formation.  The Meander area 
contains soils of the Launceston Tertiary Basin to the East, which comprise a series of 
alluvial and relict river terraces in association with Smectitic clays in drainage 
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depressions and most recent flood plains (Vertisols; IUSS Working Group WRB 
(2007)), and sodic (exchangeable sodium % > 6) texture-contrast (sharp change 
between top-soil and sub-soil textures, with a clay increase of > 20 %) soil terrace 
series (Solonetz or Lixisols; IUSS Working Group WRB (2007)), with various 
distributions of Aeolian cover sands.  Red volcanic gradational soils derived from 
Tertiary Basalt (Nitisols or Acrisols; IUSS Working Group WRB (2007)) dominate the 
landscape around the Deloraine area, while poorly drained, complex alluvial soils are 
found in the Meander township area to the South (Gleysols, Fluvisols, and Lixisols; 
(IUSS Working Group WRB, 2007)).  Outcrops of Jurassic dolerite are scattered 
through the area which produce diverse soils (Luvisols; (IUSS Working Group WRB, 
2007)) with abundant coarse fragments (Spanswick and Zund, 1999).  
2.3.1.2 Midlands 
The Midlands project area covers 27,000 ha of the Southern part of the Midlands 
Irrigation Scheme, an area from Oatlands and North to Tunbridge, and is used for 
both grazing (predominantly sheep) and cropping (cereals and poppies).  Mean 
minimum temperatures range from 1.5 °C in winter to 10.5 °C in summer, and mean 
maximums of between 24.5 °C and 11.3 °C for summer and winter respectively.  The 
area is located at the origination of the Launceston Tertiary Basin, an ancient and 
relict river system that drained central Tasmania to Bass Straight in the North.  The 
soil landscape is comprised of recent and higher level alluvial terraces, bound by 
Jurassic Dolerite hills to the South.   Triassic Sandstone has been capped by the 
dolerite on foot-slopes to the East, forming dolerite and sandstone fans through 
alluvial areas.  The area receives less than 500 mm yr-1 in annual rainfall and is 
comprised of small areas of primary salinity and widespread sodic soils (Solonetz or 
Lixisols; IUSS Working Group WRB (2007)), with black cracking clays in drainage 
depressions and recent flood plains (Vertisols; IUSS Working Group WRB (2007)), 
(Kidd, 2003).  The Oatlands area is separated from the Tunbridge area by dolerite 
hills to the North and is scattered with areas of Triassic Sandstone and Permian 
mudstone, (Luvisols, Lixisols, Phaeozems; (IUSS Working Group WRB, 2007)), 
(Spanswick and Kidd, 2001).   
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2.3.2 Scorpan Spatial Covariates 
Existing legacy soils data was obtained for the Meander and Midland study areas:  
Quamby Soil Map, (Spanswick and Zund, 1999); Interlaken Soil Map (Leamy, 1961); 
and Oatlands Soil Map, (Spanswick and Kidd, 2001).  These soil data sources and 
associated database site density alone were not of the scale or quality to produce 
reliable suitability surfaces necessary for achieving the outcomes of the project. 
Nonetheless, these legacy data are still useful as DSM covariate information. In 
addition the to the legacy soil mapping data, other available scorpan covariates  
were assembled and processed to a common 30 m grid system for the study areas 
using SAGA GIS (System for Automated Geoscientific Analyses, http://www.saga-
gis.org), described in Table 2-1.  Terrain derivatives were generated from the Shuttle 
Radar Topography Mission (SRTM) DEM (Gallant et al., 2011) using the ‘Basic Terrain 
Analysis’ SAGA module for slope, plan and profile curvature, valley depth, and 
aspect.  Topographic wetness index was generated using the ‘Topographic Wetness 
Index’ module in SAGA, using the ‘standard’ settings, together with MrRTF (multi-
resolution ridge-top flatness) and MrVBF (multi-resolution valley bottom flatness) 
(Gallant and Dowling, 2003).  NDVI (Normalized Difference Vegetation Index) was 
generated from SPOT imagery using SAGA, where 
 
NDVI = (NIR – VIS)/ (NIR + VIS) 
 
and NIR is the near infra-red band, and VIS is the visible red band. 
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Extent Spatial Covariates Scale/ Resolution Reference/ Source 
Categorical Data    
Regional Soil Map 1:100,000 (Spanswick and Zund, 1999), 
(Leamy, 1961), (Spanswick and 
Kidd, 2001) 
Regional Land Capability Map 1:100,000 (Noble, 1993) 
Regional Land Use Map 1:50,000 DPIPWE, 2012 (in prep) 
Regional Vegetation Map (TASVEG) v 2.0 1:25,000 DPIPWE, 2009 
Regional Surface Geology Map 1:25,000 Mineral Resources Tasmania, 
2008 
Remote Sensing    
Local SPOT NDVI 30m (processed) SAGA GIS (System for 
Automated Geoscientific 
Analyses, http://www.saga-
gis.org), 2009 
Local Gamma Radiometrics (Radioactive 
Nuclides - K, U, Th, Total Dose) 
 Mineral Resources Tasmania, 
2004. 
Terrain    
Local SRTM DEM-S 30m 1 Arc Second Digital Elevation 
Model, Adaptively Smoothed, 
Geosciences Australia, 2011 
Local slope, aspect, curvatures (plan & 
profile), valley depth, topographic 
wetness index (TWI), , Multi-
resolution valley bottom flatness 
(MR), multi-resolution ridge top 
flatness (MRRTF). 
30m SAGA GIS (System for 
Automated Geoscientific 
Analyses, http://www.saga-
gis.org) 
 
Table 2-1.  Tasmanian Spatial Covariates 
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2.3.3 Sampling 
At the time of preparing the sampling locations for the Meander area, the 
motivation was focussed on sampling the covariate feature space rather than equally 
spacing the sampling locations, so that sites could be used to predict a suite of soil 
properties.  Soil sampling was effectively a ‘strict’ model-based approach using 
available covariate data to provide the best chances of predicting multiple properties 
using a conditioned Latin Hypercube sampling (cLHS) design.  In an attempt to 
provide greater sampling flexibility than the predefined cLHS approach used for the 
initial project sampling, the fuzzy k-means scorpan covariate stratification approach 
was used for validation of soil attribute maps in the Meander area.  The desired DSM 
outcome was to depict the soil property values of each pixel as precisely and 
efficiently as possible; thus, probability-based validation (Brus, 2010) was not 
considered necessary or attainable within project time-constraints and resources, 
and a model-based sampling approach deemed adequate.  In the Midlands area, 
FKM covariate stratified sampling was used for both training, and a separate 
validation sample set.  The approach, therefore, aimed to provide a sampling 
methodology that adequately represented the covariate feature space, yet remained 
practical and flexible for rapid operational DSM sampling.  
2.3.3.1 Meander Soil Sample Design (Training) 
Two-hundred training sites (data density of 5 samples per 10 km2) were estimated as 
appropriate for the required resolution for Meander, a similar density to that 
determined by Brungard and Boettinger (2010), to be used for inference and 
mapping of soil properties based on available covariates and observed soil 
information. The cLHS algorithm (Minasny & McBratney 2006) generated 200 
locations, with 25 additional contingency target sites generated as a separate sample 
for situations where sampling was not possible due to access, physical sampling 
constraints or site contamination.  Locations were produced using the covariates 
described in Table 2-1.   
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For training sites, the cLHS ’strict’ sampling design was found to be slow to 
implement in the Meander area due to operational constraints and the subsequent 
need to navigate to a completely alternative site.  There was a need for a more 
flexible approach to increase sampling progress rates to meet project milestones, 
with limited time available to develop or test any novel or adaptive variations to the 
cLHS approach.  It was decided to test and apply fuzzy k-means (FKM) covariate 
stratification, where pre-determined random sample locations could be manually 
adjusted in the field when access was constrained.   
A fuzzy k-means cluster design was generated for validation of the Meander area soil 
mapping.  This involved stratification of the environmental covariate feature space 
and a random allocation of field samples from each cluster using JMP software (JMP, 
Version 9. SAS Institute Inc., Cary, NC, 1989-2012).   Covariates included continuous-
valued gamma radiometrics, the DEM and several terrain derivatives (Table 2-1). 
In total, an additional sixty locations (30 %) were sampled for validation, undertaken 
as a separate, independent sample set to the calibration sampling to provide an 
independent or external validation process (Brus et al. 2011).  Six locations were 
sampled from each of ten clusters, totalling sixty sample sites.  The FKM clusters 
(covariate strata) were generated using the software ‘Fuzme’, (Minasny and 
McBratney, 2002) with an initial fuzzy exponent parameter of 1.30. The Mahalanobis 
distance option was applied due to unequal variances and associated correlations 
between each of the covariate data sources (Vrindts et al., 2003). The fuzzy 
exponent was trialled for values between 1.30 and 1.10 until a good distribution of 
membership probabilities was obtained, that is, at an exponent value that resulted in 
a clear probability of a pixel belonging to a single cluster.  Optimal cluster numbers 
of between 5 and 20 were also trialled. For each clustering configuration, FKM 
cluster output files were generated which assigned a value of membership for each 
pixel belonging to each cluster. The highest membership value for any individual 
cluster resulted in that cluster being assigned to that pixel, that is, only one assigned 
cluster using the ‘maximum rule’.  Theoretically, since an individual cluster with the 
highest likelihood of membership was assigned to each pixel, ‘hard’ clustering (i.e. 
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Hard k-means) could have also been used; however this needs to be tested and 
compared for covariate feature-space representativeness in future sampling 
exercises, to determine whether spatial membership boundaries would be altered, 
and any consequential implications. 
As the cluster map was provided to field officers to assist in relocation of 
problematic site locations, it was necessary to generate practical field maps; ten 
clusters were determined as a good visual stratification with fewer clusters over-
simplifying the landscape, and greater than 10 becoming too visually ‘noisy’.  There 
was little need to more rigorously determine the optimum cluster number (by 
determining the partition coefficient and classification entropy) as the clusters were 
used for a sampling design stratification of covariates, and not modelling purposes.  
However, the FPI (Fuzzy Performance Index) and MPE (Modified Partition Entropy) 
values obtained from the Fuzme outputs (which should both be close to zero for a 
good Fuzzy k-mean design (Odeh et al., 1992)) were also considered to ensure both 
values were both relatively small in the final clustering design, when compared 
against other fuzzy exponent/ cluster number calculations. 
2.3.3.2 Midlands Sample Design (Training and Validation) 
Fuzzy k-means stratified sampling was also used to locate 270 sites for the 27,000 ha 
Midlands area. Weakly correlated covariates used in a sampling design can lead to 
suboptimal representation (Brus et al., 2006); therefore the most important 
covariates were determined from preliminary analysis of the Meander data for the 
targeted soil properties using a step-wise linear regression (JMP software) and used 
in the FKM clustering.  Site coordinates were determined such that 27 randomly 
selected locations were sampled from each of ten derived cluster types.    A further 8 
locations were sampled from each cluster type to provide an additional 80 sites for 
validation.  Validation sampling was undertaken concurrently with calibration 
sampling to reduce time, travel resources and duplication of field effort. 
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2.3.4 Field sampling locations selected with fuzzy k-means  
The field map provided covariate clusters (strata) which allowed physically 
impractical sites to be re-located within clusters to more accessible locations, while 
still maintaining the same number of samples from each of the cluster types (Figure 
2-2).  Locations perceived to be inaccessible (e.g. vegetation, stock-yards, and dams), 
(and those that could not be identified by the available spatial data layers for 
preliminary masking from the covariate layers) were initially identified and shifted 
within required clusters using a desktop GIS process, to generate a ‘relaxed’ 
sampling approach, as opposed to the ‘strict’ pre-determined location approach.  
Site locations were established in the field using a GPS (with approximately 2 to 5 m 
precision) linked to a field laptop with GIS and appropriate spatial layers for 
guidance.  A 30 m radial ‘tolerance’ was allowed for each location, where field staff 
could sample if sampling at that exact location was not possible.  This corresponded 
to the modelling resolution, as it was not expected to significantly change covariate 
distribution values, as adjacent pixels should have very similar covariate values.  The 
GIS and GPS guidance was used to visually provide navigation to the pre-determined 
sampling locations and a visual means to remain within the designated cluster for 
inaccessible sites.   When not a viable location the field officers sampled as closely as 
possible to the original coordinates, ensuring they remained within the designated 
cluster of the original point. For completely inaccessible cluster areas, sites were 
manually relocated to an alternative spatial cluster of the same type but in another 
geographical location, to retain stratification. New coordinates and access constraint 
were recorded.   
2.3.5 Field Sampling and Soil Analysis 
Samples were taken using a 50 mm diameter percussion soil corer to a depth of 1.5 
m and sub-sampled by horizon.  Cores and surrounding landscape position were 
described according to Australian Soil and Land Survey guidelines (National 
Committee on Soil and Terrain, 2009).  Spectral-scanning (MIR) of all training and 
validation samples was undertaken by CSIRO Land & Water and DPIPWE to predict 
required soil properties. Fifteen percent of scanned samples were selected and 
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analysed for chemical properties at CSBP Laboratories in Western Australia to 
provide calibration data for soil property predictions.  Full analyses of each sample 
included pH, EC, exchangeable cations, N, P, K, organic carbon, and particle size 
distribution. 
 
Figure 2-2.  Fuzzy k-mean clusters and sample sites (Midlands) 
2.3.5.1 Statistical analyses 
Sample site covariate distributions for the FKM clusters were compared to the 
overall covariate distribution using a range of metrics (i.e. the sample slope density, 
mean, inter-quartile range, median and standard deviation, along with the frequency 
distribution shape, skewness and kurtosis) to determine whether the variance from 
the full covariate population was acceptable and comparable to the cLHS approach, 
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as per (Brungard and Boettinger, 2010).  For the Midlands area, a cLHS sample 
design was generated to compare the sampled covariate distribution against the 
sampled covariate distribution of the FKM sampling design. These distributions were 
further compared to the overall covariate distributions for the entire area.  The 
initial FKM design and the overall ‘modified’ FKM design (the adjusted sample 
locations due to access constraints for both combined training and validation sites) 
were also compared to determine whether the actual sample locations remained 
representative of the covariate feature space.   The training and validation sites were 
tested separately, along with a completely random non-stratified design to 
determine whether the stratification effort was warranted.  Similarly, the Meander 
area covariate distribution was compared for both the original cLHS design and those 
based on the actual visited locations to test for any deterioration of the hypercube 
once the 30 m tolerance or contingency sites had been used. 
A potential problem with this approach was that the area of each cluster type was 
unequal, but an equal number of sites were randomly allocated across each of the 
cluster types, meaning that some parts of both the covariate feature space and the 
land surface space would be sampled more intensively than other areas.  To test the 
consequences of this, a validation sample design, based on a random-stratified 
sample of the FKM covariate stratum was generated and tested using a sample 
density proportional to cluster area.  The spatial area of each cluster type was 
calculated using  GIS and converted to a percentage of the total area; this 
percentage was then applied to the total sampling site total to determine how many 
sites were to be located randomly in each cluster type.  This would ultimately give an 
indication whether a more spatially proportional sampling density could be achieved 
(with respect to cluster area), without compromising the representation of the 
covariate feature space. 
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2.4 Results and Observations 
2.4.1 Field Constraints 
Sampling at the designated coordinates was impractical at many locations in the 
Meander and the Midlands study areas due to; 
1. Physical or Consensual Access – either due to not being possible to navigate 
to the exact location due to physical barriers such as tracks, gates, and 
terrain, within a reasonable time-frame; or actually denied access consent by 
the land owner. 
2. Cropping – the site was currently under a high-valued crop requiring site 
relocation to avoid damage and potential yield losses. 
3. Disturbance – the site was physically disturbed or contaminated by 
infrastructure construction and earthworks, fertiliser stock-piles etc, 
therefore not a true indication of surrounding pixels, or identifiable in spatial 
land-use layers. 
4. Infrastructure – impediments to core sampling such as tracks, fences, 
underground cables, and drainage pipes, which were beyond the resolution 
of a desktop identification process. 
5. Livestock – access not possible or denied to avoid disturbance of livestock at 
critical times, such as lambing. 
6. Stone – too physically stony to sample without damage to equipment. 
7.  Terrain – too physically rough or steep to allow safe drilling rig access, and 
compliance with Departmental Safety Policy. 
8.  Biosecurity and Conservation – a high-risk biosecurity or biodiversity area 
with the potential for spread of weeds, pathogens, or damage to vulnerable 
or threatened species. 
Table 2 summarises the access constraints experienced during fieldwork; the most 
common being limited access (either physical or denied entry) and inaccessible 
terrain. 
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Access Limitation Count Limitation % 
Access 56 21 
Biosecurity 0 0 
Crop 21 8 
Disturbed 5 2 
Infrastructure 29 11 
Livestock 1 0 
Stone 33 13 
Terrain 48 18 
Vegetation 21 8 
Wet 48 18 
Total Not Accessed 262 
Total Sites 589 
% Sites Not Accessed 44 
 
Table 2-2.  Access Limitations – Reasons for Moving Sample Locations 
 
2.4.2 Sample design comparisons (Midlands) 
Supplementary Data Tables are included at the end of this chapter.  Supplementary 
Data Table 2-1 shows a comparison in the Midlands area between each soil sampling 
design (combined training and validation) against the full covariate population and a 
percentage difference against mean, median, inter-quartile range (IQR), and other 
statistical outputs.  The ‘Field Modified’ or ‘Relaxed’ FKM Sample design showed the 
distribution statistics for the actual sample locations after shifting any proposed site 
locations due to access limitations.  The percentage difference between each design 
and the full covariate distribution for all metrics was generally lowest for the field-
modified FKM design, followed by the cLHS.   For example, the percentage difference 
of median values for FKM-Final was 1.28 %, compared to 4.06 %, 8.23 % and 0.85 % 
for the FKM-Proposed, Random Sample and cLHS values, respectively.  Mean values 
generally agreed with this; however, medians are used here for example 
comparisons as they are less influenced by outlier values.  There was a similar 
pattern for the median values for MrRTF, Slope, Topographic Wetness, Total Gamma 
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Dose, Thorium and Potassium.  The random sample was generally less representative 
of the tested covariates, as demonstrated by the percentage differences to the other 
sampling approaches for all metrics.  Elevation (DEM), for example, shows a 
percentage difference of -18.85 % for median MrRTF, which was as low as -2.36 %, 
4.67 %, and -7.06 % for FKM-Final, FKM-Proposed, and cLHS respectively. 
Figure 2-3 shows the generalised combined training and validation frequency 
distribution curves for each sample design against the full covariate population, 
along with quantile box plots.  The density curves basically illustrate that the cLHS 
most closely followed the full covariate distribution; however all sample designs 
showed a reasonable representation of covariate distribution, following the same 
general distribution shape. 
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Figure 2-3. Comparison of various sample designs against the full covariate distribution 
 
Supplementary Data Table 2-2 shows the comparison of the separate training and 
validation sampling statistics against the entire covariate population.  Generally, the 
training FKM design followed a closer representation of the full covariate distribution 
to the validation sampling with the exception of Plan Curvature, Aspect and Valley-
Depth.  Importantly, subjectively moving sites within clusters did not overly reduce 
the representation of the covariate distribution, for example, median values 
between the proposed and final training designs were 311.49 and 310.90 for 
elevation respectively, and an unchanged 0.82 for both proposed and final Mid-Slope 
position median values.   
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Figure 2-4 and Supplementary Data Table 2-3 show a frequency distribution 
comparison of the Meander East cLHS design against the full covariate distribution, 
and any deterioration of the sample integrity due to using contingency sites when 
access was constrained, where the ‘soil’ graph represents numerical codes applied to 
each soil type.  The distributions illustrate that there was negligible deterioration of 
the cLHS design once contingency sites had been used or sites moved within the 
allowable 30 m tolerance, i.e., the design was representative of the covariate feature 
space, following the same general shape.  Similarly, insignificant differences between 
the mean, median, IQR, skewness and kurtosis values suggest there was negligible 
deterioration in sample representativeness between the proposed and final cLHS 
locations, for example, the DEM median values were 165.42 and 163.78 for the 
proposed and final locations respectively, and no change in median value for 
Radioactive Potassium (k percent). 
Supplementary Data Table 2-4 shows the frequency distribution statistics where 
sample density was adjusted proportionally to FKM cluster area size.  These were 
generally close to the covariate distribution of the un-adjusted FKM sampling design, 
with the exception of some covariables, for example, valley depth having a median 
value of 60.14, compared to 55.12 and 55.47 for the unweighted sample, and 
covariate distribution respectively. 
 
Figure 2-4.  Comparison of Meander East Latin-hypercube sample design and final locations against the full 
covariate distribution. 
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Background satellite RGB imagery highlights the land use and terrain variability 
throughout each study area (as per the Google Earth maps available here 
http://www.sciencedirect.com/science/article/pii/S2352009414000406), which also 
shows the optional display of final sample locations and cluster memberships. 
2.5 Discussion 
2.5.1 Access Constraints, and the Need for Sampling Flexibility 
Within the Midlands and Meander areas, sites not accessible within a reasonable 
time frame and Departmental Occupational Health and Safety guidelines were 
encountered at a rate of 44 %.  This is a substantial (and surprising) proportion, 
which indicates ’strict’ sampling can be problematic in intensively used areas where 
impediments to access and physical sampling exist.  Within the project areas the 
most common form of access limitation was due to physical constraints such as 
locked gates, fences, and tracks that survey staff could not negotiate within 
reasonable efforts in terms of time, and driving hazard (Table 2).  This included land 
owners who declined to participate in the project. 
Departmental field policy specifies that staff health and safety is mandatory.  Field 
staff used a trailer mounted drill rig in excess of 3000 kg which also made access 
problematic in terms of bogging-potential, stability on steep terrain, and potential 
paddock damage.  The most common constraints to safe towing of the drilling rig 
were terrain (usually highly undulating, or steep landscapes) to allow safe 
negotiation, or site wetness causing vehicular traction problems.  The weight of the 
drill rig itself would also contribute to access constraints; lighter alternatives could 
be investigated and used in operation for future sampling campaigns to overcome 
this problem. Other access constraints were due to sites currently under cropping 
with entry denied by the farmer to avoid crop damage; site contamination or 
disturbance, for example, stock camps deemed by the surveyor to bias sampling 
results due to excessive nutrient inputs; infrastructure, such as communication 
cables, drainage and water pipes; and vegetation too thick to navigate.  Physical 
sampling was also limited in areas of high stone-content or outcropping.  Locations 
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that were too wet or stony to sample were given a stone % estimate and drainage 
class value (which were to be used as supplementary data for the DSM predictions of 
these soil variables).  Many of the access constraints experienced were not 
identifiable by spatial GIS layers or were beyond the scale or resolution of the 
covariates used (for example, drainage lines), and could not be excluded before the 
sampling design was generated.  Although some slope categories could have been 
removed from the design, these terrain issues were often encountered while 
traversing to sample locations, which could not be determined directly from the GIS.  
A physical map of clusters provided field staff visual guidance to relocate a site as 
close as possible to the original coordinates.  Relocating the site within the same 
cluster (strata) ensured the site remained associated to that cluster, effectively 
maintaining covariate stratification and reducing the risk that sampling distribution 
would become non- representative of the full covariate feature space.   The FKM 
cluster approach achieved positive feedback from the sampling staff, and resulted in 
a substantial time reduction for sampling (in terms of sites sampled per day), 
avoiding the need to navigate to a completely new and alternative site as required 
with a ’strict’ approach.  (The alternative cLHS sites have the potential to be on 
completely different land titles requiring time and resources to find and contact new 
farmers, and navigate through a whole new raft of potential sampling constraints). 
2.5.2 Sampling Design Comparisons 
The sample size used was 0.12 % of the possible sample locations from the 30 m grid 
(299781 cells (covariate population), Sample n = 350).  From Figure 2-3 it can be 
observed that the  cLHS design best accounted for the full covariate distribution with 
very little deviation from most covariate population’s mean, median, inter quartile 
range (IQR), and standard deviation.  It also maintained the best curve ‘fit’ in terms 
of skewness and kurtosis, i.e. it showed little variation to the shape, flatness and 
distribution of the frequency distribution curves, and therefore had the smallest 
deviation in the compared sampling design covariate representation. 
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The FKM sample design, while not as close to the overall distribution density as the 
cLHS, was generally a good fit, with a slight increase in difference between the 
median, mean, IQR, and distribution density ‘shape’, (Figure 2-2 and Supplementary 
Data Table 2-1). The mean, median, variance, and curve density of the ’modified’ 
FKM design (the final sampling locations after being shifted) was a slightly poorer fit 
for some covariates, while improved for others.  The completely random design 
(with no stratification), while still a good fit for some covariates, performed poorest 
overall in comparison to the cLHS and FKM approaches with the greatest variance in 
terms of IQR, and more-so for skewness and kurtosis (Supplementary Data Table 2-
1).  This shows that stratification is beneficial for the range of covariates used in this 
study. For the Meander area, the proposed cLHS showed minor degradation when 
compared to the final site locations, shifted due to access constraints, 
(Supplementary Data Table 2-3, Figure 2-4).  The mean, median, IQR, skewness, and 
general non-parametric density shapes more closely followed the full covariate 
distribution for the proposed sample design than the final site location covariate 
distribution. 
Ideally, the comparison of these sampling approaches should be undertaken with 
replicates due to the strong random component in the site selection in all methods.  
This was done for several replicates before sampling to test the sensitivity of the 
covariate distribution of the selected sites, and a visual estimate of spatial 
dispersion.  Visual clustering of sites was evident for some replicates in comparison 
to others; however the covariate distribution remained relatively constant across 
replicates.  These results are not presented here due to the large amounts of data 
already produced in the supplementary data tables. 
A potential weakness with the FKM design is that smaller clusters have an equal 
number of samples to larger clusters.  However larger covariate clusters should 
intuitively have lower covariate distribution variance per unit area, therefore 
requiring fewer samples per unit area.  Complex terrain comprising smaller area 
clusters should have greater covariate distribution variability per unit area and will 
therefore have a higher rate of samples required per unit area.  In both project areas 
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the smaller area clusters are located in more topographically complex areas which 
require a greater sampling density to fully cover the covariate distribution, whereas 
the larger flood-plain areas have less variability per unit area, (see Figure 2-2).  
Supplementary Data Table 2-4 shows a simulation sample design generated such 
that a proportional number of sites were located by the spatial cluster size.  The site 
covariate distribution statistics had a greater difference to the full covariate 
distribution statistics for most covariates (with the exception of the DEM, Mid-Slope 
Position, MrRTF and Valley Depth), when compared to the proposed (un-weighted) 
FKM design used for sampling the Midlands area.  This suggests that using a 
sampling density proportional to cluster size would generally not improve sampling 
the covariate feature space, but could potentially improve proportional sampling of 
land-surface ‘space’, which would be of more importance to design-based sampling. 
2.5.3 Comparison of Training and Validation designs 
Project time constraints meant that validation sampling could not be delayed until 
initial soil property predictions had been generated.  Consequently, validation 
sampling was undertaken simultaneously with training sampling, using the covariate 
FKM clusters as strata, rather than stratification of generated quantitative soil 
properties or class surfaces.  Validation field sampling, co-incident with training 
sampling, greatly reduced overall time and associated costs for the Midlands area by 
avoiding duplication of field effort.  Validation sites, calculated in number as an 
additional 30 % of training samples and randomly selected by computer from each 
cluster, were compared against the full covariate distribution (Supplementary Data 
Table 2-2). Although generally showing a greater variance from the full distribution 
than the calibration sampling, the sample locations provided reasonable covariate 
distribution replication. The higher variance is explained by the lower sampling 
density, with less opportunity to sample the entire covariate range. 
Due to the documented access limitations it was not possible to sample all locations 
(pixels), or identify and mask inaccessible sites of the study area using desk-top 
imagery analysis.  The validation approach used in this study is therefore not a true 
probability sample as not all locations have an equal chance of being selected, which 
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will reduce the ability to provide statistical estimates of map quality, providing 
instead a model-based estimate of quality.  In effect, this validation approach does 
not provide a true measure of statistical accuracy, but quantifies the prediction error 
at each validation point (Laslett 1997) which can be averaged to give an overall 
model prediction error.  
The ability to undertake a probability sampling design is questionable in an 
operational sense as it is unlikely in any ‘real-world’ situation that every location will 
be equally available to be sampled.  It is impossible to compute these inclusion 
probabilities, as inclusion likelihood would not be known until all locations are 
attempted to be sampled. Subsequently, it was opted for a pragmatic solution to this 
perceived dilemma by sampling more sites than intentioned for DSM model 
calibration; using additional sampling resources for model validation. The validation 
sample is considered independent of the calibration samples in the sense that they 
were not included in the model fitting. The operational advantage is realised by the 
fact that both calibration and validation samples can be retrieved together in the 
same sampling campaign.   
2.5.4  Potential Alternative Future Sampling Approaches 
The navigation time to locations within the ‘strict’ design was found to be the main 
impediment to progress in intensively used areas such as the Midlands and Meander 
regions of Tasmania.  The described ‘relaxed’ approach increased the number of 
sites able to be sampled per day, however, the sampling-rate increase is difficult to 
quantify due to the different drilling conditions between Meander and Tunbridge.  
Project time-constraints would not allow full testing of variations to the 
methodology before sampling was undertaken; for future sampling, further 
investigations into cluster-size sample density and whether optimisation of spatial 
distribution is warranted, and how this might affect the representation of the 
sampled covariate distribution, and any advantages to final DSM predictions.   
Importantly, this case study and the documented operational problems encountered 
ultimately highlights the need for a more adaptive approach such as the flexible LHS 
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methodology proposed by Clifford et al. (2014).  The approach uses pre-determined-
coordinate LHS sampling in a remote Queensland setting, with alternative nearby 
sites suggested when the first choice site sampling is not possible, while maintaining 
the hypercube integrity covariate distribution, distance to formed tracks and spatial 
spread.  The 40 ha alternative area criteria used in the flexible LHS simulation would 
need reducing for Tasmanian conditions due to significantly smaller property 
holdings, and more intensive infrastructure than the Queensland example.  These 
smaller holdings exacerbate sampling delays in situations where alternative sampling 
locations are made available outside of current property boundaries; usually a 
completely different land-holder will need contacting for access permission, taking 
time to find and make contact during daylight hours.  Obtaining contact details for all 
landholders in a sampling area is impractical due to Tasmanian privacy legislation, 
and the format of contact availability by telephone companies or land title 
authorities (with many property owners listed as a registered business name only).  
The decision to use this approach required consideration of whether it was more 
beneficial to have an optimal sampling design of fewer sites (due to the slower 
sampling rates), or a much larger number of sites in less optimal locations; it was 
decided to use the latter in the interests of obtaining more training data for model 
formation.  The FKM approach used for this DSM sampling example was a pragmatic 
model-based concession that was able to improve soil sampling rates while still 
representing the covariate feature space.   
Since publishing, in recent communications with Dr. Colby Brungard (Utah State 
University), it was suggested to combine the cLHS and FKM clustering of covariates 
(Brungard and Johanson, 2015). We initially start with a set of cLHS determined 
samples; these samples can be regarded as centroids of the FKM cluster. At each 
cLHS location, we set a working area, say 1 km around the pre-defined location. 
Within that working window, we calculate the fuzzy membership of that location, 
then calculate other areas within the working area that have a membership value to 
at least 80 % of the cLHS location, that is, a ‘similarity measure’, to produce a ‘cLHS 
similarity index raster’ (cLHS-SIR) (Brungard and Johanson, 2015).  If unable to 
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sample that exact location, field operatives can be visually guided to locations (using 
GPS and base-map of the cLHS-SIR) that are still representative of the cLHS design 
(Figure 2-5), where ‘greener’ areas represent closer membership values (similarity).  
Brungard and Johanson tested this approach using Gower’s dissimilarity index 
(Gower, 1971; Mallavan et al., 2010), as they weren’t able to achieve meaningful 
FKM clustering over a 1 km radius due to subtle terrain.  This was further tested in 
Australia using 100 cLHS samples and covariates from the Hunter Region, NSW, 
Australia, where FKM cluster was feasible due to sufficient covariate variation within 
the working area, as would be the case in Tasmania.   FKM membership comparisons 
of 0.8, 0.6, and completely random sites within the working area with no 
consideration of membership were tested using a scaled distance-based quantile 
comparison against the cLHS locations; values of 1.66, 1.71 and 1.70 were obtained 
respectively, demonstrating some advantage to this approach. 
 
 
 
Figure 2-5. Proposed Conditioned Latin Hypercube Similarity Index 
 
The method will ensure that covariate values close in representation to the cLHS are 
used, effectively providing superior covariate coverage and sampling design to the 
‘relaxed’ FKM method.  This pragmatic approach is considered much simpler to 
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implement and operationally more flexible compared to the flexible LHS approach 
proposed by Clifford et al.  For future sampling campaigns, the combined FKM & 
cLHS sampling will be tested as a measure of covariate distribution, sample spread 
and field practicality to determine the best possible compromise between statically 
valid model-based, but operationally feasible soil sampling for DSM.   
2.6 Conclusions 
Analyses of the project sampling component demonstrated that the cLHS design for 
the Midlands area showed the best overall sample based on the distribution of the 
available covariates, but led to operational sampling problems due to the access 
constraints.  However, the ‘relaxed’ FKM clustered approach provided an acceptable 
representation of the available covariates, while the clusters (used as a field map 
and stratification of the sampling area) provided a guide to where non-accessible 
sample locations could be moved such that the sample number from each covariate 
stratum was maintained.  The approach was able to improve sampling progress rates 
when compared to the strict cLHS approach, although not quantifiable in this project 
due to differing sampling conditions.   
An operational Digital Soil Mapping (DSM) sampling process needs to be a 
compromise between operational practicality, and statistically-sound sampling that 
should give the best opportunity for predictions based on the full covariate range.  
Although some subjectivity-bias may be introduced, the ‘relaxed’ FKM approach can 
allow a pragmatic and time-saving operational sampling strategy, which was shown 
to still follow a good representation of the available environmental variables.  The 
relaxed FKM strategy was therefore considered a reasonable, ‘real-world’ sampling 
compromise suitable for time-constrained DSM operations in Tasmania, which could 
be applicable where a model-based validation of map quality is acceptable.  
However, future operational and ‘real-world’ testing of more statistically robust 
methods is still required. 
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2.8 Supplementary Data 
Covariate 
Full 
Covariate 
Distribution 
cLHS Sample 
Proposed 
FKM Sample 
Field 
Modified 
FKM Sample 
Random 
Sample 
% Difference 
cLHS 
% Difference 
FKM-
Proposed 
% Difference 
FKM-final 
% Difference 
Random 
Sample 
30m SRTM DEM 
3rd Quartile 407.57 407.01 407.67 410.42 377.91 0.14 -0.02 -0.70 7.28 
Median 324.66 321.92 311.49 320.52 297.95 0.85 4.06 1.28 8.23 
1st Quartile 231.79 232.55 229.27 232.29 228.81 -0.33 1.09 -0.22 1.28 
Mean 324.91 323.52 321.99 327.64 310.98 0.43 0.90 -0.84 4.29 
Std Dev 92.87 93.35 93.06 91.14 88.49 -0.52 -0.21 1.87 4.72 
Variance 8624.62 8714.50 8660.07 8305.78 7829.91 -1.04 -0.41 3.70 9.21 
Skewness 0.27 0.31 0.30 0.21 0.50 -15.48 -10.57 21.22 -87.20 
Kurtosis -1.21 -1.20 -1.28 -1.28 -0.89 1.48 -5.44 -5.74 26.97 
Aspect                   
3rd Quartile 4.79 4.87 4.62 4.33 5.09 -1.70 3.42 9.61 -6.36 
Median 2.67 2.54 2.43 2.10 3.25 5.12 8.97 21.37 -21.52 
1st Quartile 1.19 1.08 1.15 1.08 1.21 9.23 3.27 9.25 -1.94 
Mean 2.95 2.92 2.82 2.64 3.18 1.04 4.29 10.41 -7.62 
Std Dev 1.94 1.99 1.92 1.85 2.01 -2.60 1.19 4.61 -3.36 
Variance 3.78 3.98 3.69 3.44 4.04 -5.26 2.37 9.01 -6.83 
Skewness 0.18 0.19 0.35 0.43 -0.03 -4.77 -94.24 -142.96 114.45 
Kurtosis -1.37 -1.42 -1.24 -1.13 -1.48 -3.72 9.45 17.66 -7.46 
Mid-slope Position                 
3rd Quartile 0.91 0.91 0.93 0.92 0.91 0.00 -1.93 -0.98 -0.23 
Median 0.79 0.78 0.82 0.78 0.80 0.95 -4.03 0.91 -0.81 
1st Quartile 0.49 0.49 0.53 0.47 0.53 -0.45 -7.47 3.99 -8.38 
Mean 0.68 0.68 0.71 0.69 0.70 -0.13 -4.09 -1.00 -2.99 
Std Dev 0.28 0.28 0.27 0.28 0.26 1.11 3.52 2.39 6.25 
Variance 0.08 0.08 0.07 0.08 0.07 2.21 6.92 4.72 12.11 
Skewness -0.88 -0.87 -1.01 -0.80 -1.00 0.92 -14.29 9.12 -13.76 
Kurtosis -0.48 -0.45 -0.15 -0.67 -0.11 7.55 68.61 -38.36 77.22 
MrRTF                   
3rd Quartile 1.56 1.48 1.54 1.38 1.67 5.23 0.86 11.13 -7.49 
Median 0.31 0.33 0.30 0.32 0.37 -7.06 4.67 -2.36 -18.85 
1st Quartile 0.07 0.07 0.06 0.08 0.10 8.93 18.86 -3.83 -38.85 
Mean 0.87 0.85 0.87 0.84 0.93 2.08 0.21 3.25 -6.55 
Std Dev 1.09 1.07 1.11 1.09 1.08 1.57 -2.04 0.19 0.51 
Variance 1.18 1.15 1.23 1.18 1.17 3.11 -4.13 0.38 1.02 
Skewness 1.30 1.36 1.33 1.45 1.13 -4.64 -1.74 -11.03 13.38 
Kurtosis 0.54 0.75 0.55 0.96 -0.02 -37.94 -1.85 -76.66 104.50 
MrVBF                   
3rd Quartile 3.89 3.87 3.88 3.81 3.97 0.38 0.11 1.96 -2.11 
Median 1.65 1.62 1.79 1.59 1.63 1.65 -9.03 3.44 0.77 
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1st Quartile 0.31 0.29 0.29 0.24 0.31 8.57 6.34 23.97 0.38 
Mean 2.11 2.09 2.18 2.05 2.14 0.53 -3.34 2.50 -1.64 
Std Dev 1.92 1.93 1.95 1.93 1.94 -0.77 -1.70 -0.41 -1.15 
Variance 3.68 3.74 3.81 3.71 3.77 -1.54 -3.42 -0.83 -2.30 
Skewness 0.49 0.51 0.43 0.51 0.44 -3.53 13.26 -3.13 10.57 
Kurtosis -1.19 -1.17 -1.24 -1.16 -1.30 1.54 -4.85 2.15 -9.25 
Plan Curvature                 
3rd Quartile 0.00 0.00 0.00 0.00 0.00 5.88 -5.88 -20.59 -14.71 
Median 0.00 0.00 0.00 0.00 0.00 -150.00 -116.67 -383.33 -491.67 
1st Quartile 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 
Mean 0.00 0.00 0.00 0.00 0.00 2.26 -1.31 -207.38 -119.29 
Std Dev 0.00 0.00 0.00 0.00 0.00 -1.24 -4.86 -25.91 14.33 
Variance 0.00 0.00 0.00 0.00 0.00 -2.50 -9.95 -58.53 26.60 
Skewness 0.25 0.30 0.18 1.93 1.04 -21.61 27.83 -682.92 -320.96 
Kurtosis 9.28 6.68 4.70 8.28 5.34 28.01 49.43 10.77 42.44 
Slope                   
3rd Quartile 0.09 0.10 0.10 0.10 0.09 -3.97 -6.60 -6.52 -0.05 
Median 0.04 0.04 0.04 0.05 0.04 0.47 10.13 -9.08 9.20 
Minimum 0.00 0.00 0.00 0.00 0.00 -553.85 -553.85 -553.85 -553.85 
Mean 0.07 0.07 0.07 0.07 0.06 -1.62 -1.84 -5.84 4.23 
Std Dev 0.07 0.07 0.08 0.07 0.07 -1.49 -5.16 -1.17 2.73 
Variance 0.01 0.01 0.01 0.01 0.01 -3.00 -10.58 -2.36 5.39 
Skewness 1.76 2.00 1.85 1.50 1.80 -13.67 -4.72 14.68 -2.08 
Kurtosis 3.20 5.79 3.91 1.90 3.32 -81.01 -22.31 40.56 -3.74 
Topographic Wetness Index               
3rd Quartile 13.75 13.74 14.05 13.54 13.64 0.04 -2.15 1.50 0.79 
Median 11.96 11.97 12.08 11.92 11.80 -0.05 -0.93 0.41 1.34 
1st Quartile 10.87 10.85 10.70 10.68 10.81 0.13 1.60 1.76 0.55 
Mean 12.79 12.78 12.94 12.69 12.80 0.09 -1.16 0.78 -0.05 
Std Dev 2.89 2.87 3.22 2.98 3.11 0.97 -11.18 -3.11 -7.45 
Variance 8.38 8.22 10.36 8.91 9.67 1.93 -23.61 -6.31 -15.46 
Skewness 1.61 1.59 1.46 1.53 1.69 1.27 8.98 4.72 -5.48 
Kurtosis 2.66 2.69 1.85 2.14 2.58 -0.95 30.69 19.78 2.98 
Valley 
Depth 
  
3rd Quartile 108.45 108.49 128.49 113.31 105.46 -0.04 -18.48 -4.49 2.75 
Median 55.47 54.52 55.12 51.55 58.45 1.71 0.62 7.05 -5.38 
1st Quartile 23.89 22.56 20.07 18.20 25.97 5.60 16.02 23.81 -8.69 
Mean 80.61 83.64 89.77 83.98 81.68 -3.76 -11.37 -4.18 -1.33 
Std Dev 78.53 85.15 93.44 90.40 76.40 -8.43 -18.99 -15.12 2.71 
Variance 6166.50 7250.11 8731.18 8171.99 5836.77 -17.57 -41.59 -32.52 5.35 
Skewness 1.71 1.81 1.56 1.75 1.81 -6.10 8.77 -2.69 -6.09 
Kurtosis 3.09 3.46 2.03 2.84 3.91 -11.91 34.26 8.38 -26.37 
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Gamma Radiometrics - Total Dose               
3rd Quartile 51.76 51.40 51.22 51.86 50.75 0.69 1.05 -0.18 1.97 
Median 44.42 44.75 44.09 44.42 44.46 -0.74 0.74 0.00 -0.10 
1st Quartile 38.10 38.44 37.69 37.14 38.38 -0.88 1.07 2.52 -0.73 
Mean 45.43 45.58 44.71 45.02 44.98 -0.32 1.59 0.89 0.99 
Std Dev 10.51 10.57 10.07 10.52 10.79 -0.57 4.20 -0.12 -2.70 
Variance 110.42 111.70 101.34 110.70 116.46 -1.15 8.23 -0.25 -5.46 
Skewness 0.83 0.80 0.56 0.68 1.22 3.56 31.85 17.35 -47.02 
Kurtosis 1.90 1.66 1.17 1.70 4.84 12.81 38.50 10.63 -154.67 
Gamma Radiometrics - Uranium               
3rd Quartile 2.68 2.67 2.67 2.68 2.63 0.32 0.39 0.21 2.04 
Median 2.28 2.27 2.29 2.30 2.23 0.30 -0.39 -1.10 2.17 
1st Quartile 1.99 1.98 2.00 1.98 1.95 0.65 -0.50 0.67 2.06 
Mean 2.37 2.36 2.35 2.36 2.32 0.17 0.84 0.32 1.96 
Std Dev 0.49 0.51 0.48 0.50 0.50 -3.71 3.02 -0.71 -0.79 
Variance 0.24 0.26 0.23 0.25 0.25 -7.56 5.95 -1.42 -1.59 
Skewness 0.82 0.92 0.57 0.66 1.04 -11.14 31.21 20.40 -26.18 
Kurtosis 0.77 0.73 -0.04 0.28 1.90 5.54 105.54 63.57 -145.68 
Gamma Radiometrics - Thorium               
3rd Quartile 8.13 8.25 7.90 8.14 7.83 -1.49 2.83 -0.12 3.67 
Median 6.14 6.12 6.08 6.08 6.04 0.30 1.01 0.96 1.75 
1st Quartile 4.83 4.90 4.85 4.68 4.78 -1.59 -0.48 2.94 0.97 
Mean 6.79 6.85 6.68 6.72 6.64 -1.02 1.59 0.94 2.17 
Std Dev 2.74 2.72 2.59 2.65 2.83 0.89 5.47 3.13 -3.16 
Variance 7.50 7.37 6.70 7.04 7.99 1.78 10.65 6.17 -6.43 
Skewness 1.39 1.37 1.17 1.18 2.57 1.26 15.88 15.16 -84.53 
Kurtosis 3.14 2.66 1.59 1.81 12.95 15.07 49.46 42.22 -312.84 
Gamma Radiometrics - Potassium               
3rd Quartile 1.15 1.14 1.14 1.13 1.15 0.72 0.49 1.75 -0.25 
Median 0.96 0.97 0.94 0.95 0.99 -0.15 2.44 1.78 -2.79 
1st Quartile 0.79 0.79 0.76 0.78 0.81 -0.01 3.97 2.02 -2.02 
Mean 0.97 0.97 0.95 0.95 0.98 -0.63 2.36 1.72 -1.01 
Std Dev 0.30 0.29 0.30 0.30 0.30 0.77 -1.39 -0.34 -2.25 
Variance 0.09 0.09 0.09 0.09 0.09 1.54 -2.79 -0.69 -4.54 
Skewness 0.03 0.12 0.02 0.11 -0.04 -296.39 35.88 -256.57 230.05 
Kurtosis 0.28 0.30 0.10 0.41 0.28 -5.84 64.86 -45.22 1.94 
 
Supplementary Data Table 2-1.  Comparison of Combined Training/ Validation Sample Designs against 
Full Covariate Population Density 
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Covariate 
Full 
Covariate 
Distribution 
Proposed 
FKM Sample 
Final FKM 
Sample - 
Training 
Final FKM 
Sample - 
Validation 
%diff-
training 
%diff- 
validation 
30m SRTM DEM 
 3rd Quartile 407.57 407.67 406.00 412.00 0.46 -1.08 
Median 324.66 311.49 310.90 320.56 4.24 1.27 
1st Quartile 231.79 229.27 229.38 228.45 1.04 1.44 
Mean 324.91 321.99 321.06 324.91 1.19 0.00 
Std Dev 92.87 93.06 92.77 94.48 0.11 -1.74 
Variance 8624.62 8660.07 8606.42 8927.38 0.21 -3.51 
Skewness 0.27 0.30 0.34 0.17 -26.53 36.57 
Kurtosis -1.21 -1.28 -1.20 -1.50 0.81 -23.81 
Aspect 
 3rd Quartile 4.79 4.62 4.44 4.67 7.17 2.44 
Median 2.67 2.43 2.21 3.02 17.21 -13.09 
1st Quartile 1.18 1.15 1.04 1.50 12.40 -26.76 
Mean 2.95 2.82 2.72 3.14 7.73 -6.46 
Std Dev 1.94 1.92 1.92 1.89 1.11 2.64 
Variance 3.78 3.69 3.69 3.58 2.21 5.22 
Skewness 0.18 0.35 0.39 0.24 -119.78 -32.68 
Kurtosis -1.37 -1.24 -1.24 -1.23 9.87 10.02 
Mid-slope Position   
 3rd Quartile 0.91 0.93 0.93 0.94 -1.89 -2.70 
Median 0.79 0.82 0.82 0.85 -3.59 -8.23 
1st Quartile 0.49 0.53 0.58 0.44 -18.31 10.27 
Mean 0.68 0.71 0.72 0.68 -5.19 -0.65 
Std Dev 0.28 0.27 0.26 0.30 7.15 -7.22 
Variance 0.08 0.07 0.07 0.09 13.78 -14.95 
Skewness -0.88 -1.01 -1.06 -0.84 -20.64 4.42 
Kurtosis -0.48 -0.15 0.07 -0.70 115.18 -44.45 
MrRTF   
 3rd Quartile 1.56 1.54 1.47 1.70 5.47 -9.19 
Median 0.31 0.30 0.26 0.38 15.31 -23.44 
1st Quartile 0.07 0.06 0.05 0.11 31.78 -46.92 
Mean 0.87 0.87 0.86 0.90 1.27 -3.12 
Std Dev 1.09 1.11 1.13 1.04 -4.29 4.76 
Variance 1.18 1.23 1.29 1.07 -8.77 9.29 
Skewness 1.30 1.32 1.38 1.13 -5.94 13.48 
Kurtosis 0.54 0.55 0.68 0.02 -25.80 95.61 
MrVBF   
 3rd Quartile 3.89 3.88 3.88 3.89 0.16 -0.12 
Median 1.64 1.79 1.73 1.93 -5.19 -17.19 
1st Quartile 0.31 0.29 0.29 0.29 6.34 5.53 
Mean 2.10 2.18 2.18 2.16 -3.54 -2.73 
Std Dev 1.92 1.95 1.97 1.90 -2.74 1.02 
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Variance 3.68 3.81 3.89 3.61 -5.56 2.03 
Skewness 0.49 0.43 0.45 0.35 8.39 29.53 
Kurtosis -1.19 -1.24 -1.23 -1.31 -3.86 -10.19 
Plan Curvature   
 3rd Quartile 0.00 0.00 0.00 0.00 -5.88 -2.94 
Median 0.00 0.00 0.00 0.00 -158.33 33.33 
1st Quartile 0.00 0.00 0.00 0.00 0.00 0.00 
Mean 0.00 0.00 0.00 0.00 37.22 -121.67 
Std Dev 0.00 0.00 0.00 0.00 -2.43 -12.31 
Variance 0.00 0.00 0.00 0.00 -4.91 -26.11 
Skewness 0.25 0.18 -0.17 0.99 169.05 -300.78 
Kurtosis 9.28 4.69 4.54 4.93 51.08 46.87 
Slope   
 3rd Quartile 0.09 0.10 0.10 0.09 -7.29 -1.29 
Median 0.04 0.04 0.04 0.03 5.31 26.95 
1st Quartile 0.02 0.02 0.02 0.02 8.45 -10.16 
Mean 0.07 0.07 0.07 0.06 -3.85 4.47 
Std Dev 0.07 0.08 0.08 0.07 -6.62 -0.88 
Variance 0.01 0.01 0.01 0.01 -13.67 -1.77 
Skewness 1.76 1.84 1.73 2.30 1.84 -30.66 
Kurtosis 3.20 3.91 3.07 7.73 3.84 -141.90 
Topographic Wetness Index   
 3rd Quartile 13.75 14.05 14.29 13.36 -3.94 2.83 
Median 11.96 12.08 12.10 12.05 -1.15 -0.71 
1st Quartile 10.87 10.69 10.67 10.76 1.78 0.97 
Mean 12.79 12.94 12.93 13.00 -1.03 -1.60 
Std Dev 2.89 3.22 3.15 3.45 -8.75 -19.15 
Variance 8.38 10.35 9.91 11.89 -18.26 -41.97 
Skewness 1.61 1.46 1.40 1.63 13.12 -1.62 
Kurtosis 2.66 1.84 1.80 1.99 32.20 25.32 
Valley Depth   
 3rd Quartile 108.45 128.49 121.75 141.18 -12.26 -30.18 
Median 55.47 55.12 56.73 54.98 -2.29 0.88 
1st Quartile 23.89 20.07 19.78 23.57 17.20 1.35 
Mean 80.61 89.77 87.31 97.46 -8.32 -20.90 
Std Dev 78.53 93.44 88.39 107.96 -12.56 -37.49 
Variance 6166.50 8731.18 7813.23 11656.01 -26.70 -89.02 
Skewness 1.71 1.56 1.44 1.68 15.62 1.59 
Kurtosis 3.09 2.03 1.59 2.22 48.72 28.35 
Gamma Radiometrics - Total 
Dose 
  
 3rd Quartile 51.76 51.22 51.42 50.79 0.67 1.88 
Median 44.42 44.09 43.67 46.02 1.68 -3.60 
1st Quartile 38.10 37.69 37.71 37.08 1.05 2.69 
Mean 45.43 44.71 44.60 45.05 1.83 0.82 
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Std Dev 10.51 10.07 9.99 10.37 4.97 1.30 
Variance 110.42 101.34 99.72 107.57 9.69 2.58 
Skewness 0.83 0.56 0.71 0.15 14.37 81.32 
Kurtosis 1.90 1.17 1.75 -0.28 7.83 114.98 
Gamma Radiometrics - 
Uranium 
  
 3rd Quartile 2.68 2.67 2.64 2.76 1.52 -2.82 
Median 2.28 2.29 2.22 2.36 2.67 -3.84 
1st Quartile 1.99 2.00 1.99 2.12 0.05 -6.68 
Mean 2.37 2.35 2.32 2.42 1.80 -2.17 
Std Dev 0.49 0.48 0.48 0.47 2.94 4.09 
Variance 0.24 0.23 0.23 0.22 5.80 8.01 
Skewness 0.82 0.57 0.70 0.17 14.84 79.66 
Kurtosis 0.77 -0.04 0.20 -0.44 74.37 157.21 
Gamma Radiometrics - 
Thorium 
  
 3rd Quartile 8.13 7.90 7.87 7.96 3.11 2.00 
Median 6.14 6.08 6.00 6.50 2.39 -5.87 
1st Quartile 4.83 4.85 4.75 5.08 1.47 -5.31 
Mean 6.79 6.68 6.64 6.81 2.20 -0.35 
Std Dev 2.74 2.59 2.60 2.55 4.91 6.84 
Variance 7.50 6.70 6.78 6.51 9.58 13.21 
Skewness 1.39 1.17 1.25 0.92 9.85 33.83 
Kurtosis 3.14 1.58 1.94 0.60 38.21 80.82 
Gamma Radiometrics - 
Potassium 
  
 3rd Quartile 1.15 1.14 1.15 1.07 -0.57 6.63 
Median 0.96 0.94 0.96 0.88 0.19 8.25 
1st Quartile 0.79 0.76 0.77 0.74 2.81 7.01 
Mean 0.97 0.94 0.96 0.90 1.01 6.57 
Std Dev 0.30 0.30 0.31 0.26 -4.75 10.73 
Variance 0.09 0.09 0.10 0.07 -9.73 20.30 
Skewness 0.03 0.02 -0.07 0.32 332.65 -921.08 
Kurtosis 0.28 0.10 0.03 0.57 88.28 -103.78 
 
Supplementary Data Table 2-2. Comparison of Training and Validation Sample to population Covariate 
Distribution (Midlands) 
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Covariate   Metric 
Full 
Covariate 
Distribution 
Proposed 
cLHS 
Final Sample 
SRTM_DEM 
 
maximum 307.98 262.08 254.17 
   
3rd quartile 194.37 185.21 180.10 
   
median 165.42 163.78 163.42 
   
1st quartile 149.91 150.87 151.34 
   
minimum 130.32 133.53 133.53 
   
Mean 175.13 172.69 170.66 
   
Std Dev 33.49 30.32 27.17 
   
Std Err 
Mean 
0.10 3.02 2.68 
   
Variance 1121.56 919.59 737.97 
   
Skewness 0.91 1.02 0.99 
   
Kurtosis -0.04 0.18 0.11 
Normalised Height 
 
maximum 0.95 0.81 0.81 
   
3rd quartile 0.19 0.25 0.24 
   
median 0.06 0.09 0.07 
   
1st quartile 0.02 0.02 0.02 
   
Mean 0.14 0.17 0.16 
   
Std Dev 0.19 0.19 0.18 
   
Std Err 
Mean 
0.00 0.02 0.02 
   
Variance 0.04 0.03 0.03 
   
Skewness 2.05 1.65 1.77 
   
Kurtosis 4.01 2.49 3.01 
Slope 
  
maximum 0.38 0.20 0.14 
   
3rd quartile 0.04 0.04 0.04 
   
median 0.02 0.02 0.02 
   
1st quartile 0.00 0.00 0.01 
   
minimum 0.00 0.00 0.00 
   
Mean 0.03 0.03 0.03 
   
Std Dev 0.04 0.04 0.03 
   
Std Err 
Mean 
0.00 0.00 0.00 
   
Variance 0.00 0.00 0.00 
   
Skewness 2.06 2.14 1.73 
   
Kurtosis 5.65 5.56 3.04 
TWI 
  
maximum 24.59 22.28 17.64 
   
3rd quartile 13.40 12.15 12.30 
   
median 9.15 8.73 8.88 
   
1st quartile 7.92 7.78 7.77 
   
minimum 4.49 5.56 6.46 
   
Mean 10.72 10.05 10.05 
   
Std Dev 3.79 3.18 2.92 
   
Std Err 
Mean 
0.01 0.32 0.29 
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Variance 14.36 10.09 8.51 
   
Skewness 1.19 1.31 0.93 
   
Kurtosis 0.84 1.41 -0.26 
Pred_soils 
 
Soil ID Count Count Count 
   
10 17470 16 17 
   
11 4626 4 3 
   
12 3027 2 2 
   
13 9335 9 10 
   
14 3979 2 3 
   
3 41141 35 37 
   
5 15938 15 14 
   
6 155 0 0 
   
7 12506 13 14 
   
8 5254 1 1 
   
9 5025 4 1 
K percent 
  
maximum 1.28 1.01 1.01 
   
3rd quartile 0.62 0.60 0.61 
   
median 0.48 0.46 0.46 
   
1st quartile 0.36 0.36 0.35 
   
minimum -0.03 0.14 0.14 
   
Mean 0.50 0.49 0.49 
   
Std Dev 0.18 0.18 0.18 
   
Std Err 
Mean 
0.00 0.02 0.02 
   
Variance 0.03 0.03 0.03 
   
Skewness 0.48 0.55 0.54 
   
Kurtosis 0.00 0.00 -0.07 
TH ppm 
  
maximum 15.39 11.03 11.03 
   
3rd quartile 8.45 8.46 8.62 
   
median 7.45 7.66 7.79 
   
1st quartile 6.43 6.61 6.83 
   
minimum 0.73 3.22 3.22 
   
Mean 7.41 7.59 7.74 
   
Std Dev 1.58 1.46 1.45 
   
Std Err 
Mean 
0.00 0.15 0.14 
   
Variance 2.49 2.14 2.09 
   
Skewness -0.15 -0.17 -0.07 
   
Kurtosis 0.32 0.21 0.25 
 
Supplementary Data Table 2-3.  Comparison of Proposed cLHS and Final Locations to full covariate 
distribution (Meander) 
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Covariate 
Full Covariate 
 Distribution 
Proposed 
FKM Sample 
FKM-
Weighted 
by Cluster 
Area 
30m SRTM DEM 
 
3rd Quartile 407.573 407.67 404.23 
Median 324.663 311.49 319.56 
1st Quartile 231.788 229.27 228.35 
Mean 324.908 321.99 321.91 
Std Dev 92.869 93.06 95.34 
Aspect       
3rd Quartile 4.786 4.62 4.55 
Median 2.672 2.43 2.43 
1st Quartile 1.185 1.15 1.15 
Mean 2.951 2.82 2.77 
Std Dev 1.944 1.92 1.92 
Mid-slope Position     
3rd Quartile 0.912 0.93 0.91 
Median 0.789 0.82 0.81 
1st Quartile 0.489 0.53 0.48 
Mean 0.68 0.71 0.68 
Std Dev 0.281 0.27 0.25 
MrRTF       
3rd Quartile 1.556 1.54 1.53 
Median 0.31 0.30 0.32 
1st Quartile 0.074 0.06 0.08 
Mean 0.868 0.87 0.83 
Std Dev 1.088 1.11 1.04 
MrVBF       
3rd Quartile 3.885 3.88 3.84 
Median 1.645 1.79 1.75 
1st Quartile 0.312 0.29 0.38 
Mean 2.105 2.18 2.12 
Std Dev 1.919 1.95 1.89 
Plan Curvature     
3rd Quartile 0 0.00 0.00 
Median 0 0.00 0.00 
1st Quartile 0 0.00 0.00 
Mean 0 0.00 0.00 
Std Dev 0.001 0.00 0.00 
Slope       
3rd Quartile 0.092 0.10 0.09 
Median 0.041 0.04 0.04 
Minimum 0 0.00 0.02 
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Mean 0.067 0.07 12.68 
Std Dev 0.072 0.08 0.07 
Wetness 
Index  
3rd Quartile 13.75 14.05 13.50 
Median 11.964 12.08 12.09 
1st Quartile 10.868 10.70 10.89 
Mean 12.794 12.94 12.68 
Std Dev 2.894 3.22 2.72 
Valley Depth       
3rd Quartile 108.447 128.49 107.98 
Median 55.466 55.12 60.14 
1st Quartile 23.893 20.07 23.41 
Mean 80.608 89.77 79.88 
Std Dev 78.527 93.44 74.30 
Dose 
 
3rd Quartile 51.762 51.22 51.08 
Median 44.417 44.09 44.58 
1st Quartile 38.104 37.69 38.43 
Mean 45.428 44.71 45.42 
Std Dev 10.508 10.07 10.32 
Uranium 
 
3rd Quartile 2.68 2.67 2.62 
Median 2.276 2.29 2.22 
1st Quartile 1.991 2.00 2.00 
Mean 2.366 2.35 2.34 
Std Dev 0.494 0.48 0.48 
Thorium 
 
3rd Quartile 8.126 7.90 7.76 
Median 6.143 6.08 6.09 
1st Quartile 4.825 4.85 4.97 
Mean 6.785 6.68 6.74 
Std Dev 2.739 2.59 2.69 
Potassium 
 
3rd Quartile 1.147 1.14 1.16 
Median 0.964 0.94 0.99 
1st Quartile 0.791 0.76 0.80 
Mean 0.967 0.95 0.98 
Std Dev 0.296 0.30 0.30 
 
Supplementary Data Table 2-4.  Comparison of Proposed FKM Design and Weighted Sample Density 
by Cluster Area against the Full Covariate Distribution (Midlands) 
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Digital Mapping of a Soil Drainage Index for Irrigated Enterprise 
Suitability in Tasmania, Australia 
3.1 Abstract 
An operational Digital Soil Assessment was developed to inform land suitability 
modelling in newly commissioned irrigation schemes in Tasmania, Australia.    An 
integral consideration for irrigable suitability is soil drainage.  Quantitative 
measurement and mapping can be resource intensive in time and associated costs, 
while more ‘traditional’ mapping approaches can be generalised, lacking the detail 
required for statistically-validated products.  The project was not sufficiently 
resourced to undertake replicated field drainage measurements and relied on expert 
field drainage estimates at approximately 930 sites (260 of these for independent 
validation) to spatially predict soil drainage for both areas using various terrain-
based and remotely sensed covariates, using three approaches:  
a) Decision Tree Spatial Modelling of Discrete Drainage Classes 
b) Regression-Tree Spatial Modelling of a Continuous Drainage Index 
c) Regression Kriging (Random-Forests with Residual-Kriging) Spatial Modelling 
of a Continuous Drainage Index 
Method b) Regression-Tree Spatial Modelling was chosen as the best approach in 
terms of interpretation, model training and validation, with a concordance 
coefficient of 0.86 and 0.57 respectively.   A classified soil drainage map produced 
from the ‘index’ showed good agreement, with a linearly weighted kappa coefficient 
of 0.72 for training, and 0.37 for validation.  The index mapping was incorporated 
into the overall land suitability model and proved an important consideration for the 
suitability of most enterprises. 
3.2 Introduction 
In considering the enterprise suitability assessment (ESA) described in Chapter 1, 
many of the selected enterprises cannot tolerate poorly or rapidly drained soils and 
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require sufficient moisture-holding capacity.  As a consequence, one of the first and 
potentially most challenging soil input surfaces developed was soil drainage.  
Physical drainage capacities within Australia can be quantitatively assessed by field 
hydraulic property measurements including: field saturated hydraulic conductivity 
(well permeameter, ponded disc infiltrometer, double ring infiltrometer, rainfall 
simulator); and laboratory measurement of hydraulic conductivity (constant or 
falling head infiltrometer) (McKenzie et al., 2002).  These methods can be slow and 
arduous requiring significant replication, and are therefore expensive.  Due to 
insufficient time and resources, the project did not undertake replicated field 
measurements to inform drainage, and required a less resource-intensive 
alternative.  A lack of detailed groundwater measurements in both areas meant that 
hydrological soil moisture modelling was not feasible either. 
Documented approaches of digital soil drainage class mapping include modelling 
with multi-spectral satellite remote sensing, predictive covariates generation and 
simulation techniques.   
3.2.1 Predictive Landscape Models 
Lemercier et al. (2010) used extrapolation of expert soil knowledge (as existing 
conventional soil mapping) with boosted classification and regression trees, first by 
predicting soil parent material, then using this as a predictor of natural soil drainage 
to develop a soil drainage model. The model was used to extrapolate drainage 
predictions into surrounding regions and tested using a validation set with good 
results.  Bell et al. (1992; 1994) used multivariate discriminant analysis to develop a 
statistical soil-landscape model, then validated drainage point estimates using class 
frequency information.  Malone et al. (2012) used soil colour as an indicator of 
external soil drainage in the Hunter Valley region of New South Wales, Australia, 
where point soil colour data was used, in conjunction with known colour-based 
drainage landscape sequences and terrain-based covariates to generate a 
continuous soil drainage index, based on the Australian system (National Committee 
on Soil and Terrain, 2009).  This method produced an acceptable prediction of soil 
drainage validated by randomly held-back data points.  This method was considered 
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somewhat incompatible in this study as knowledge of soil colour-based drainage 
sequences was lacking in substantial areas of the project. 
3.2.2 Remote and Proximal Sensing 
Niang et al. (2012) predicted soil drainage based on land use types from soil survey 
data and RADAR-satellite imagery as predictors using both a discriminant analysis, 
and decision tree (DT) classifiers.  This approach showed good validation agreement 
with an existing conventional soil map, and the usefulness of RADAR-satellite remote 
sensing as a predictor of drainage.  Peng et al. (2003) also demonstrated the 
effectiveness of remote sensing analyses of various images to delineate soil drainage 
classes (limiting this study to bare earth examples).   
Liu et al. (2008) used a combination of electromagnetic induction (EMI) as apparent 
electrical conductivity, hyperspectral satellite imagery, synthetic aperture RADAR 
and a GPS-derived digital elevation model (DEM) as predictors for surveyor soil 
drainage class field estimates.  The study found that a combination of these 
technologies produced good predictions of spatial drainage classes, improving 
overall predictions from using DEM terrain products alone. Woodforth et al. (2012) 
also used an EMI approach to effectively map deep drainage in the Namoi Valley 
(Australia), specifically using an EM34 to identify physiographic patterns coupled 
with chloride mass-balance models (using ratios of chloride concentration and 
volume of irrigation and rainfall, and chloride concentration below the root-zone.  
Triantafilis et al. (2004) mapped deep drainage risk in the Gwydir and Macquarie 
Valleys  (Australia), first by characterising broad soil types from EMI (EM38) apparent 
conductivity to inform sampling and analysis, then considering rainfall and irrigation 
parameters for quality (conductivity) and quantity to develop a salt-leachate model.  
Simulations for various crops were considered, and a function generated to estimate 
deep drainage from the EMI data. 
Similar approaches to these were considered; however it was chosen to predict ‘Soil 
Drainage Class’ as per the National Committee on Soil and Terrain (2009) across the 
study area directly, avoiding the added complexity of generating a landscape 
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drainage model, or the time and expense associated with obtaining extra covariates 
or direct remote or proximal sensing such as hyperspectral imagery or EMI mapping. 
This can be expensive to obtain over large areas, and was not possible within the 
project budget.  A faster, simpler and less expensive approach was needed.   
For the chosen method, the surveyors’ expert knowledge (in terms of soil drainage 
evaluation at the sampled locations (Chapter 2)) was spatially extrapolated across 
the project landscapes using the available covariates to explain the spatial variation 
between these training sites.  Various modelling approaches were trialled for both 
categorical and continuous predictions using methods that have been successfully 
applied to DSM in recent literature.  These included Decision Tree, Regression Tree 
(RT) and Random Forests (RF) approaches (see Modelling). 
Suitability parameters were derived by the Tasmanian Institute of Agriculture (TIA) 
from industry and expert consultation, including the Australian Soil Drainage Class 
Classification standard (National Committee on Soil and Terrain, 2009) used by 
Tasmanian growers and agronomists.  Common surrogate drainage predictors 
include soil texture, depth to mottling, colour, topographic position, or a 
combination of these.  Although somewhat subjective, Australian drainage 
classification uses these to estimate how quickly excess moisture is removed from 
the soil profile and landscape in conjunction with other considerations such as soil 
structure, porosity, water holding capacity, water source, evapotranspiration, slope 
gradient and length (National Committee on Soil and Terrain, 2009). 
The objectives of this chapter are therefore to: 
1. Test the integration of qualitative expert-based soil drainage estimates with 
quantitative DSM methods to produce predictive soil drainage surfaces. 
2. Compare DSM methods for both class and index mapping of soil drainage, 
and test their applicability to enterprise suitability mapping. 
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3.3 Methods and Materials 
3.3.1 Study Areas 
This Chapter is based on work undertaken in the Midlands and Meander study areas, 
totalling approximately 70,000 ha.  Soils and climate of the Meander area is 
generally more favourable to agricultural production, including vegetable cropping 
and dairy.  The Tunbridge area is more constrained by soil sodicity, poor drainage 
and low rainfall, and traditionally used for cereal cropping and grazing 
(predominantly sheep).   The soils, land uses and climatic conditions are described in 
greater detail in Chapter 2. 
3.3.2 Enterprise Suitability 
As described in Chapter 2, land Suitability rulesets comprising soil, climate and 
landscape parameters were developed by TIA for twenty different enterprises using 
a four-class (well-suited, suitable, moderately-suited, unsuited) most-limiting factor 
approach (Klingebiel and Montgomery, 1961).  Enterprises included a range of 
broad-acre and horticultural crops, with suitability parameters and ranges 
determined through interrogation off existing literature, TIA agricultural trials, 
expert advice, and formal workshops with industry representatives, agronomists and 
growers (Table 3-1).  This work identified the key soil and climate parameters for 
each enterprise and their threshold values with respect to physical or chemical 
agronomic limitations. Climate surfaces were generated using digital modelling from 
271 temperature sensors and terrain covariates. Input parameter and final suitability 
surfaces were produced at a ground resolution of 30 m (Webb et al. 2014).  A sample 
drainage suitability ruleset for blueberries is listed in Table 3-2 (Tasmanian Institute 
of Agriculture, 2012). 
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Enterprise Suitability Parameters   
Soil Climate Terrain 
pH (1:5 in water) (0 to 0.15 m) 
EC (1:5 in water) (0 to 0.15 m) 
Stone Content (0 to 0.15 m) 
Soil Depth (m) 
Clay % (0 to 0.15 m) 
Depth to Sodic Layer (ESP > 6) 
Exchangeable Calcium (0 to 0.15 m) 
Exchangeable Magnesium (0 to 0.15 m) 
Soil Drainage Class  
Frost Risk (Seasonal, by enterprise) 
Mean Max. Monthly Temperature 
Rainfall 
 
Slope % 
 
 
Table 3-1.  Enterprise Suitability Parameters 
 
Suitability Rating Drainage Class 
Well-Suited Well to Moderately Well 
Suited Imperfect 
Moderately-Suited Imperfect 
Unsuited Poor to 
Very Poor 
 
Table 3-2.  Enterprise Suitability for Soil Drainage, Blueberries 
 
3.3.3 Covariate Data 
Scorpan environmental variables (soil covariate data) (McBratney et al., 2003) were 
compiled for both study areas to enable spatial predictions of each soil parameter.  
This involved co-registration of available covariate surfaces into a common mapping 
grid base and generation of terrain derivatives from the Digital Elevation Model 
(DEM) (Table 3-3). 
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Extent Spatial Covariates Scale/ Resolution Reference/ Source 
Categorical Data    
Regional Soil Map 1:100,000 (Spanswick and Zund, 1999), (Leamy, 
1961), (Spanswick and Kidd, 2001) 
Regional Land Capability Map 1:100,000 (Noble, 1993) 
Regional Land Use Map 1:50,000 DPIPWE, 2012 (in prep) 
Regional Vegetation Map (TASVEG) v 2.0 1:25,000 DPIPWE, 2009 
Regional Surface Geology Map 1:25,000 Mineral Resources Tasmania, 2008 
Remote Sensing    
Local Rapid Eye Multispectral 5 m Cradle Coast Authority, 2010 
Local SPOT Bands 1,2 & 3 5 m SPOT Image, 2009 
Local SPOT NDVI 30 m (processed) SAGA GIS (System for Automated 
Geoscientific Analyses, http://www.saga-
gis.org), 2009 
Local LandSat Principal Components 30 m (processed) SAGA GIS (System for Automated 
Geoscientific Analyses, http://www.saga-
gis.org), 2009 
Local Gamma Radiometric Nuclides - K, U, Th, 
Total Dose) 
 Mineral Resources Tasmania, 2004. 
Terrain    
Local SRTM DEM-S 30 m 1 Arc Second Digital Elevation Model, 
Adaptively Smoothed, Geosciences 
Australia, 2011 
Local slope, aspect, curvatures (plan & profile), 
topographic wetness index (TWI), SAGA 
Wetness Index (SWI) , Multi-resolution 
valley bottom flatness (MrVBF), multi-
resolution ridge top flatness (MrRTF), 
Northness (Sin(Aspect)), Eastness 
(Cos(Aspect)),  Normalised Height, Slope 
Height, Vertical Distance to Channel 
Network, Height Above Channel 
Network. 
30 m SAGA GIS (System for Automated 
Geoscientific Analyses, http://www.saga-
gis.org) 
 
Table 3-3.  Spatial Predictors (Covariates) 
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For Meander, the existing soil map (Spanswick and Zund, 1999) was partially 
disaggregated from original soil association map units to predicted association 
components using a Decision-Tree (DT) approach, and extrapolated into un-mapped 
areas for use as a covariate.  Ground-based gamma-radiometric mapping was 
undertaken by CSIRO Land and Water to complete the partial coverage in Meander 
West (Viscarra Rossel et al., 2014).  A GPS-enabled gamma radiometer recorded 
Total Count, Potassium, Uranium and Thorium over a series of transects, which was 
extrapolated into unmapped areas using terrain covariates as environmental 
predictors, by Random Forests (RF) modelling (see ‘Modelling’).  The estimated 
radiometrics-terrain surfaces were then compared against an existing overlapping 
radiometric mapped area to derive a linear relationship which was applied to the 
estimated surface to make it consistent with the ’true’ measurement.  This approach 
could introduce a degree of ‘circularity’ in using terrain for both soil and radiometric 
predictions and may therefore introduce some error into the DSM models, however, 
model training and validation metrics improved when using the estimated 
radiometric covariates compared to their non-use.  The radiometric-terrain estimate 
provided a complex measure of covariance to the target variable that most 
modelling approaches would otherwise miss. 
In general, the estimated radiometric map highlighted the complexity of the un-
mapped region where large featureless alluvial expanses had been mapped as 
stream alluvium, marsh and swamp deposits (Spanswick and Zund, 1999), with little 
chance of predicting their properties based solely on terrain without proximal 
radiometric sensing (Viscarra Rossel et al., 2014).  This process allowed gamma 
radiometrics to be used across the whole project area, which was shown to be an 
important predictor of many soil properties (see Results). 
3.3.4 Soil Sampling and Validation Sites 
As described in Chapter 2, a conditioned Latin Hypercube (cLHS) sampling design was 
used for an initial 20,000 ha Meander area for model training, a stratified random 
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sampling approach based on maximally stratifying the full multivariate distribution 
(Minasny and McBratney, 2006).  An alternative stratified random sampling 
approach was used for both training and validation of the remaining 50,000 ha of 
both areas.  Fuzzy k-mean clustering of available covariates was used as 
stratification, where sampling sites could be spatially adjusted within cluster areas if 
access to an intended site was not possible (Chapter 2; Kidd et al., 2015). 
3.3.5 Field Sampling and Soil Analysis 
Soil was sampled using a 0.05 m diameter percussion soil corer to a depth of 1.5 m 
and sub-sampled by horizon.  Cores and surrounding landscape position were 
described according to Australian Soil and Land Survey guidelines, including soil 
drainage class estimates with corresponding drainage class code (Table 3-4) 
(National Committee on Soil and Terrain, 2009).  This is a general but expert-based 
field observation that describes the soil and site drainage that is likely to occur in 
most years, and considers a number of both internal and external influences.  
Internal influences include soil structure, texture, porosity, hydraulic conductivity, 
moisture holding capacity, colour and mottling, while external considerations include 
slope length, landscape position and likely water sources, (National Committee on 
Soil and Terrain, 2009).   The field surveyor determines a combination of the above 
factors to make an estimate on the soil drainage class at the site location, based on 
expert knowledge of the environment and the following observations as per the 
National Committee on Soil and Terrain (2009): 
 
Very Poorly Drained Soils 
Very poorly drained soils are most often identified by landscape position and current 
moisture status.  They remain wet for most of the year, and often occur in depressed 
areas.  Soils have strong gleying throughout the profile and accumulated surface 
organic matter.  Any or all of surface, subsurface or groundwater flow are identified 
as the main water sources. 
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Poorly Drained Soils 
Poorly drained soils are wet for several months of the year and may be affected by 
perched water tables or surface ponding.  Most horizons have gleyed or mottled clay 
close to the surface.  Subsurface or groundwater is the main water source, which is 
exacerbated by rainfall. 
Imperfectly Drained Soils 
Imperfectly drained soils occur in flatter areas and are wet for several weeks at a 
time.  Lower horizons show mottling and rust-coloured linings of root channels.  
Rainfall is considered the main water source for high water-storage capacity soils, or 
groundwater if water-storage capacity is low. 
Moderately Well Drained Soils 
Soils are usually medium to fine in texture (for example light to medium clays), with 
drainage impeded by a combination of lack of slope, shallow water table, or low 
permeability due to structure (weakly structured soils).  Soils have few or no mottles 
and will remain wet for up to a week after a rainfall event. 
Well Drained Soils 
Well drained soils are often medium in texture (for example, clay loams, and well-
structured light clays), allowing excess water to be removed by either vertical or 
lateral subsurface flow, and will only remain wet for a few days after a rainfall event. 
Rapidly Drained Soils 
Rapidly drained soils are usually coarse-textured and/ or shallow (for example 
Aeolian sands).  Highly permeable layers will allow excess water to rapidly flow 
downwards through the profile, with rapid subsurface lateral flow on steeper slopes.  
These soils will only remain wet for less than a day after a rainfall event. 
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3.3.6 Data Preparation 
Soil observations were spatially intersected with all available covariates using SAGA 
GIS (System for Automated Geoscientific Analyses 2009, http://www.saga-gis.org) to 
allocate individual covariate values to each drainage estimate for model training 
data.  All covariates for each study area were spatially amalgamated into a set of 
values for each pixel.  Model relationships (between the observations and covariate 
values) were applied to the combined covariates for drainage class or index value 
predictions at each pixel. 
3.3.7 Modelling 
The soil drainage class estimates were modelled as ordinal data (National Committee 
on Soil and Terrain, 2009) using the statistical prediction method of ordinal 
regression, which was compared against modelling as a categorical variable. 
Decision-tree classification (DT) of soil types and discrete properties is a popular 
DSM methodology that analyses and partitions covariate patterns to create 
predictive rules (Moran and Bui, 2002; Hollingsworth et al., 2006; MacMillan, 2008).  
This approach was used for soil drainage class predictions. However, as these classes 
can be considered ordered by a numerical coding system, it was also decided to test 
whether predictions of drainage could also be made as a continuous index. With this 
approach one can show gradational landscape trends, and spatially display the subtle 
variations in soil water movement that are otherwise masked by the class 
thresholds.  Regression tree (RT) modelling via Cubist (decision trees with linear 
regression models at the nodes) is another well-documented approach that has had 
success in predicting continuous soil properties (Moran and Bui, 2002), and was used 
to generate the soil drainage index.  Another popular approach, Random Forests (RF) 
(Liaw and Wiener, 2002; Cutler et al., 2007; Grimm et al., 2008; Wiesmeier et al., 
2011) was also tested as an alternative method for developing the drainage index.  
RF generates many regression trees from a random bootstrap sample with the 
remaining data (called ‘out-of-bag’ data) used for validation of the tree.  Splits are 
made from a random selection of covariates and based on the strongest predictors 
(Stum et al., 2010).  Regression Kriging, a hybridised modelling approach that 
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incorporates regression modelling and interpolated model residuals has been shown 
to improve model performance (Hengl et al., 2007; Odeh et al., 1995) and was tested 
to determine improvements in validation metrics.  From these approaches, the best 
predictions in terms of statistical and field validation were selected as an input for 
the suitability modelling. 
3.3.7.1 Decision Tree (DT) Modelling (See5
©
) 
See5© software (http://www.rulequest.com) was used to construct a series of 
decision trees using the available covariates and sampling site descriptions to 
spatially predict drainage class estimates as categorical data.  A number of prediction 
settings were trialled until the best overall training and validation relationships were 
obtained (see Results and Discussion).  Covariates were ‘winnowed’ to determine 
and use only the most correlated predictors for the model.  The ‘Rule Utility 
Ordering’ option was also selected to use as a priority, higher in the DT process, 
those covariates that introduce the least amount of error into predictions, improving 
overall accuracy.  ‘Boosting’ (for ten trials) was selected in order to reduce overall 
error by concentrating subsequent trees on misclassified instances in the preceding 
classifier, and improving these in the next.  Validation site drainage estimates were 
used to test the DT model using confusion matrices. 
3.3.7.2 Regression Tree (RT) Modelling (Cubist
©
) 
Cubist©  software (http://www.rulequest.com)  was used to construct regression 
tree rulesets to spatially predict soil drainage class expressed as a continuous 
drainage index (Table 3-4), such that the class codes (1 to 6) were treated as a 
continuous variable. A five-member committee model was assembled where the 
first rule is constructed, and subsequent rules are formed to minimise the errors 
present in the previous ruleset, improving overall predictive accuracy.  Due to the 
scarcity of poorly (Class 1) or rapidly drained (Class 6) sites in the training and 
validation sampling (see Results and Discussion), the model was allowed an 
extrapolation of up to 10 % outside the training data range to ensure the full range 
of drainage conditions for both areas were covered.  Regression kriging of the Cubist 
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predictions was tested to ascertain any improvement to validation rates; however a 
semivariogram fit of RT residuals showed poor spatial correlation (no trend of 
variance with distance).  As a consequence, incorporating the residuals as a spatial 
random variable by kriging did not improve validation rates and was not used in 
model outputs.  Principal components of the available covariates were also tested 
with both the RT and DT approaches, but did not improve model training or 
validation metrics either.  
3.3.7.3 Random Forests – Residual Kriging (RF-RK) Modelling 
Drainage class estimates at each site were used to construct a continuous soil 
drainage index (as per the RT approach) by Regression-Kriging using Random Forests 
(RF) (R statistical software (Liaw and Wiener, 2002; R Development Core Team, 
2012)), with kriging of the model residuals (Odeh et al., 1995).  Principal Components 
were derived for the covariates to de-correlate and reduce co-linearity (Hengl et al., 
2004). The RF model was constructed using the principal components with the 
highest variable importance (determined by a step-wise linear regression) with 
bootstrapping using 10 % of samples for 100 iterations, and 1000 regression trees 
(Liaw and Wiener, 2002).  Predictive errors showed a reasonable spatial correlation 
when fitted to a semi-variogram (i.e. semi-variance increased with distance to 
approximately 2 km), thus kriging was applied to the residuals of the RF model. 
3.3.8 Reclassification of Continuous Drainage Indices 
The continuous soil drainage index generated by the RT and RF-RK methods 
principally aligned to the numerical soil drainage class system.  Suitability rules were 
applied to this index where, for example, an enterprise that required drainage class 
better than imperfect had a requirement of a ‘>3’ rating applied to the index.  To aid 
testing of the developed surfaces, values were ‘reclassified’ to align with discrete 
drainage classes (outlined in Table 3-4), essentially ‘rounding’ the index values to 
nearest whole number.  Classification Matrices were constructed using validation 
sites intersected with the class surface to measure the level of agreement. 
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Drainage Class Code Drainage Class Index Ranges 
1 Very Poorly Drained < 1.5 
2 Poorly Drained 1.5 – 2.5 
3 Imperfectly Drained 2.5 – 3.5 
4 Moderately Well Drained 3.5 – 4.5 
5 Well Drained 4.5 – 5.5 
6 Rapidly Drained > 5.5 
 
Table 3-4.  Reclassification Ranges of a Continuous Soil Drainage Index 
3.3.9 Potential Surrogate – Depth to Mottling 
To assess the feasibility of using depth to significant mottling (National Committee 
on Soil and Terrain, 2009) as a surrogate for soil drainage class, the relationship 
between depth to mottling and drainage class prediction was investigated to 
determine whether this single depth to mottling measurement would be sufficient to 
train a drainage model.  The coefficient of determination was derived from a 
bivariate fit between depth to mottling and the corresponding drainage class 
estimate at each site. 
3.3.10 Statistical Validation 
Drainage class observations of the validation dataset were intersected with the 
corresponding predictions from the RT and Random Forests-Residual Kriging (RF-RK) 
models, and validation quantified by the coefficient of determination (R2), 
concordance correlation coefficient (Lin, 1989), and residual standard error (RSE).  
Validation for the DT modelling and re-classified RT and RF-RK models was 
performed by intersecting the independent validation site numerical drainage class 
with the predicted drainage class, or re-classified predictions.  Agreement statistics 
(kappa coefficients (Cohen, 1960)) and classification accuracies were generated from 
confusion matrices determining the proportion of successfully predicted 
classifications and overall model performance. 
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3.3.10.1 Field Validation 
Roadside field validation was undertaken for both the soil drainage index and soil 
drainage class mapping using a GPS-enabled laptop with GIS.  Mapping agreement 
was determined by expert assessment of visual indicators such as landscape 
position, vegetation, land use, management, infrastructure and post-rainfall surface 
ponding. 
3.4 Results and Discussion 
3.4.1 Potential Surrogate – Depth to Mottling 
A bivariate fit of depth to significant mottling, as defined in the Australian Soil Survey 
handbook (National Committee on Soil and Terrain, 2009), against soil drainage 
showed a poor relationship, with an R2 of 0.12, and RMSE of 27.3.  This is due to 
other external influences such as landscape position, soil colour and texture 
informing soil drainage class estimates in the field.  Consequently, methods that 
directly predicted soil drainage class from field site descriptions were favoured over 
using depth to mottling as a surrogate. 
3.4.2 Site Data 
The majority of both training and validation sites for each area was classified by the 
surveyors as imperfectly drained (Class 3), which fits with existing soil survey 
drainage estimations for known soil profile classes and expert knowledge of the two 
areas (Leamy, 1961; Spanswick and Zund, 1999; Spanswick and Kidd, 2001; Kidd, 
2003).  Figure 3-1 and Figure 3-2 show the cumulative frequency of drainage 
estimates for both areas. 
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Figure 3-1. Relative Frequency of Meander Soil Drainage Classes 
 
 
Figure 3-2. Relative Frequency of Tunbridge Soil Drainage Classes 
 
3.4.3 Modelling Methods (Meander) 
3.4.3.1 Decision Tree (DT) 
DT modelling using available terrain, satellite and radiometric covariates showed 
good results.  Table 3-5 lists the covariates used in the model trees, and the 
percentage of training data for which each covariate is used in predicting a class.   
Elevation, aspect, slope derivatives, and wetness indices were all good predictors of 
soil drainage, which is consistent with knowledge of Tasmanian landscapes and 
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influence on soil drainage and moisture movement (Kidd, 2003).  Observations 
indicated that radiometric potassium increases with water-borne soil deposition 
zones, that is, topographic wetness, so was therefore highly correlated with 
drainage. 
Covariate Model (Rule) Usage % 
SRTM DEM 100 
Normalised Height 100 
Slope Height 100 
Eastness 100 
Saga Wetness Index 99 
MrRTF 99 
Radiometric Potassium (%) 96 
MrVBF 94 
Northness 81 
Total Radiometric Dose 76 
Curvature Class 66 
Mid-Slope Position 63 
 
Table 3-5.  Decision Tree (See 5) Covariate Usage % 
 
Table 3-6 shows the DT classification rates for each drainage class for both model 
training and independent validation in the Meander area.  The model performed 
well with the majority of classes classifying correctly.  Thorough testing of the ‘Very 
Poor’ or ‘Rapidly’ drained classes was not possible due to a scarcity of these sites in 
the study area.  The independent validation set showed the DT model tended to 
classify the majority of ‘poorly drained’ and ‘well drained’ sites as ‘imperfectly 
drained’.  The ‘imperfectly drained’ class had the lowest misclassification rate due to 
the higher proportion of this class in the Meander area and the subsequent high 
number of training data to better construct the DT model for this class.  While both 
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producer and user accuracies were good for training, the validation user accuracy 
rates (the percentage of classes correctly classified) were reasonable for 
‘imperfectly’ and ‘well’ drained sites but generally poor for ‘poorly’ and ‘moderately 
well’ drained sites (27.3 % and 37.5 % correctly classified samples respectively).  The 
overall accuracy (the total of correctly classified sites compared to the overall 
number of sites as a percentage) was excellent at 98.5 % for training but was 
reduced to 49.6 % for validation. 
 
Drainage Class Drainage Class (No. of times Classified), Training, [Validation]   
  1 2 3 4 5 6 
Totals User 
Accuracy % 
 1 0,[0] 0,[0] 2,[2] 0,[0] 0,[0] 0,[0] 2,[2] 0,[0] 
 2 0,[0] 65,[6] 0,[14] 0,[1] 0,[1] 0,[0] 65,[22] 100,[27.3] 
 3 0,[0] 1,[6] 243,[37] 0,[10] 0,[5] 0,[0] 244,[58] 99.6,[63.8] 
 4 0,[0] 0,[1] 2,[10] 84,[9] 1,[4] 0,[0] 87,[24] 96.6,[37.5] 
 5 0,[0] 0,[0] 1,[4] 0,[1] 59,[7] 0,[0] 60,[12] 98.3,[58.3] 
 6 0,[0] 0,[0] 0,[1] 0,[0] 0,[0] 0,[0] 0,[1] x,[0] 
 Totals 0,[0] 66,[13] 248,[68] 84,[21] 60,[17] 0,[0] 458,[119]  
 
Producer 
Accuracy % 
x,[x] 98.5,[46.2] 98.0,[54.4] 100,[42.9] 98.3,[41.2] x,[x] 
  
 
Table 3-6.  Decision Tree Soil Drainage Class Classification Matrix - Meander Training, Validation Respectively. 
 
3.4.3.2 Regression Tree (RT, Cubist) 
Table 3-7 shows the percentage usage of each covariate for both partitioning the 
model trees and the model usage percentage within each partition. The model was 
partitioned mainly using geology and elevation, and to a lesser extent radioactive 
potassium and terrain ruggedness, with regressions dominated by the Terrain 
Ruggedness Index, slope and valley depth. 
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3.4.3.3 RT Predictions (Meander) 
 
 Covariate Usage % 
Covariate Tree Partition Model Usage 
Geology (1:25,000) 40 0 
Standardised Height 40 57 
SRTM DEM (m) 36 21 
Radiometric Potassium (%) 7 14 
Terrain Ruggedness Index 2 85 
Valley Depth 0 72 
Slope (%) 0 65 
Normalised Height 0 57 
Slope Height 0 48 
SAGA Wetness Index 0 45 
Curvature 0 35 
Topographic Wetness Index 0 35 
Mid-Slope Position 0 15 
MrVBF 0 6 
Profile Curvature 0 6 
Analytical Hillshade 0 5 
 
Table 3-7.  Regression Tree model covariate usage for tree partitions and tree regression models (Meander). 
 
Table 3-8 shows the training and validation model agreements for the Meander area.  
The drainage indices (treated as continuous data) include the coefficient of 
determination and concordance coefficient (agreement around a 1:1 line (Lin, 
1989)).  The classified drainage index (as discrete classes) includes the kappa 
coefficient and ‘kappa with linear weighting’ as a measure of correct classification 
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for both model training and validation (Cohen, 1960; Cohen, 1968).  Numerical 
drainage class can be considered as ordinal data; therefore a misclassification that is 
one drainage class either side of the actual category implies a better model fit than if 
the data was nominal.  This meets the conditions for partial credit where kappa with 
linear weighting can be used as a more realistic measure of classification than using 
an unweighted kappa coefficient (Cohen, 1968).  Some of the performance metrics 
used were not applicable for either continuous or ordinal datasets and therefore 
excluded from Table 3-8 (denoted by ‘x’). Unweighted kappa values were computed 
using JMP® (Version 9. SAS Institute Inc., Cary, NC, 1989-2012) and linearly weighted 
kappa values computed using ‘VassarStats’ (online statistical computational software 
2013, http://www.vassarstats.net).  Kappa coefficient values were applied as a 
generalised measure of agreement and overall model performance; however other 
factors such as linear weighting for ordinal data, and class classification rates (e.g. 
user and producer accuracies) should be considered (Fleiss et al., 2004). 
Table 3-9 shows the agreement rates for the re-classified RT soil drainage 
predictions.  As with the DT approach, the re-classified RT training classification rates 
were generally good, with a user accuracy greater than 80 % for all classes other 
than ‘moderately well drained’.  42 % of ‘poorly drained’ sites were classified as 
‘imperfectly drained’ while 47 % of ‘well drained’ sites were classified as ‘moderately 
well drained’.  Although not performing as well for the training classification rates as 
the DT approach, the re-classified RT performed better overall when tested against 
the independent validation sites with a linearly weighted kappa of 0.37, compared to 
0.32 for the DT model (Table 3-8); a fair to moderate validation agreement (Altman, 
1991).  For validation of drainage classes 2, 3, 4 and 5, the DT approach had a user 
accuracy rate of 27, 64, 38 and 58 % respectively, whereas the RT approach classified 
at 23, 74, 58 and 25 % for user accuracy.  The overall accuracy for training was 
slightly lower than the DT approach (77.3 %) while the validation overall accuracy 
was 54.6 %, also an improvement over the DT validation. 
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Site Drainage 
Class 
Drainage Class (No. of times Classified), Training, [Validation]   
  1 2 3 4 5 6 
Totals User 
Accuracy % 
 1 0,[0] 2,[1] 0,[1] 0,[0] 0,[0] 0,[0] 2,[2] x,[0] 
 2 0,[0] 38,[5] 27,[17] 0,[0] 0,[0] 0,[0] 65,[22] 88.4,[22.3] 
 3 0,[0] 3,[2] 221,[43] 19,[12] 1,[1] 0,[0] 244,[58] 82.2,[74.2] 
 4 0,[0] 0,[1] 21,[9] 63,[14] 3,[0] 0,[0] 87,[24] 57.3,[58.3] 
 5 0,[0] 0,[0] 0,[3] 28,[6] 32,[3] 0,[0] 60,[12] 88.9,[25.0] 
 6 0,[0] 0,[0] 0,[1] 0,[0] 0,[0] 0,[0] 0,[1] x,[0] 
 Totals 0,[0] 43,[9] 269,[74] 110,[32] 36,[4] 0,[0] 458,[119]  
 
Producer 
Accuracy % 
0,[0] 58.5,[55.6] 90.6,[58.1] 72.4,[43.8] 53.3,[75.0] x,[x] 
  
 
Table 3-8.  Regression Tree Soil Drainage class Classification Matrix - Meander Training, Validation Respectively. 
 
3.4.3.4 Random Forests (RF-RK) 
Table 3-10 highlights the agreement metrics for the classified RF-RK for training and 
validation respectively.  This approach showed the highest kappa with linear 
weighting agreement (0.84) for model training.  As with the RT agreement matrix, 
training classification rates were generally good for poorly and well drained classes 
(2 and 5 respectively) but tended to under-classify moderately well drained sites, 
with a 69.3 % user accuracy rate.  However, as demonstrated with the RF-RK 
drainage index that tended to over-fit the training data, the lowest validation rate 
was obtained for the classified surface with a weighted kappa of 0.29 (Table 3-8).  
Table 3-10 shows generally poor user accuracy validation rates for all classes other 
than class 5 (well drained), and failed to correctly classify any poorly drained (class 2) 
sites.  Overall accuracy was 86.9 % for training and 48.7 % for validation. 
130 
 
 
Site Drainage 
Class 
Drainage Class (No. of times Classified), Training, [Validation]   
  1 2 3 4 5 6 
Totals User 
Accuracy % 
 1 0,[0] 2,[1] 0,[1] 0,[0] 0,[0] 0,[0] 2,[2] x,[x] 
 2 0,[0] 51,[0] 14,[22] 0,[0] 0,[0] 0,[0] 65,[22] 96.3,[0] 
 3 0,[0] 0,[0] 237,[45] 7,[12] 0,[1] 0,[0] 244,[58] 91.2,[54.2] 
 4 0,[0] 0,[0] 9,[13] 78,[11] 0,[0] 0,[0] 87,[24] 69.3,[34.4] 
 5 0,[0] 0,[0] 0,[2] 28,[8] 32,[2] 0,[0] 60,[12] 100.0,[66.7] 
 6 0,[0] 0,[0] 0,[0] 0,[1] 0,[0] 0,[0] 0,[1] x,[x] 
 Totals 0,[0] 53,[1] 260,[83] 113,[32] 32,[3] 0,[0] 458,[119]  
 
Producer 
Accuracy % 
0,[0] 78.5,[0] 97.1,[77.6] 69.0,[45.8] 100.0,[16.7] x,[0] 
  
 
Table 3-9.  Random Forests Soil Drainage Class Classification Matrix – Meander Training, Validation Respectively. 
 
Table 3-10 summarises the training and validation rates for all approaches.  In 
comparing observed versus predicted values for soil drainage, RF-RK showed the 
best training agreement in terms of coefficient of determination and concordance 
(Lin, 1989) with 0.90 and 0.91 respectively. RT also showed good concordance with 
0.79 and 0.86 respectively.  Residual standard error was close for both methods.  
However, the RT methodology showed a better validation than the RF-RK model 
with an R2 of 0.39 to 0.36, and concordance of 0.57 to 0.48 respectively.  This implies 
that the RF-RK approach tended to ‘over-fit’ the training data, with the more 
substantial discrepancy between the training and validation rates than the RT 
approach.  The discrepancy between concordance and R2 also implies that both 
approaches tended to under-predict drainage for better drained sites. Residual 
standard error was again close for validation of both approaches with 0.46 for RT, 
and 0.39 for RF-RK.  This is less than half of a soil drainage class in terms of an index, 
which is considered acceptable for the regional-resolution suitability mapping 
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requirements, although the assumption of continuity could be violated with the 
combining of RF and residual kriging, and would need further testing. 
 
Method/ Metrics  R
2
 Concordance 
Coefficient 
Residual 
Standard 
Error 
Kappa Kappa 
(Linear 
Weighting) 
Overall 
Classification 
Accuracy 
DT Training x x x 0.79 0.86 98.5 
DT Validation x x x 0.22 0.32 49.6 
RT Training 0.79 0.86 0.27 x x x 
RT Validation 0.39 0.57 0.46 x x x 
Classified RT 
Training 
x x x 0.63 0.72 77.3 
Classified RT 
Validation 
x x x 0.27 0.37 54.6 
RF-RK Training 0.90 0.91 0.21 x x x 
RF-RK Validation 0.36 0.48 0.39 x x x 
Classified RF-RK 
Training 
x x x 0.79 0.84 86.9 
Classified RF-RK 
Validation 
x x x 0.15 0.29 48.7 
 
Table 3-10.  Summary of Meander Soil Drainage Class Spatial Modelling Metrics (P* 0.05, x=not applicable) 
 
3.4.4 Tunbridge Modelling 
3.4.4.1 DT (See5) Predictions (Tunbridge) 
In the Tunbridge region, the DT approach used the existing soil mapping for all trees 
and also relied on the broad-scale geology and the topographic wetness index, but 
did not select any of the radiometric surfaces.  The model produced a ‘good’ training 
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agreement of 0.77 for the weighted kappa coefficient, but produced a poor weighted 
kappa validation agreement of 0.13 (Table 3-11), again indicating a model over-fit of 
training data.  Overall accuracy for training was 83.8 % but only 39.5 % for validation. 
3.4.4.2 RT Soil Drainage Predictions (Tunbridge) 
The RT approach used more available covariates, only applying the existing soil 
mapping to partition the model trees.  Radiometric surfaces were used in 
conjunction with the terrain and, to a lesser extent, satellite vegetation indices.  The 
RT model produced reasonable training metrics with an R2 and concordance of 0.43 
and 0.57 respectively.  Independent validation was also reasonable, with a 
concordance of 0.53 and standard error of 0.5 (Table 3-11).  The re-classification of 
the RT soil drainage index into discrete soil classes showed a ‘moderate’ validation 
with a weighted kappa value of 0.47 (Table 3-11).  Despite overall classification 
accuracy for training of 53.3 % (which was significantly lower than the DT agreement 
rate), a validation accuracy of 52.6 % was a substantial improvement over the DT 
validation, implying a more realistic model (Table 3-11). 
 
Method/ Metrics  R
2
 Concordance Residual 
Standard 
Error 
Kappa Kappa 
(Linear 
Weighting) 
Overall 
Classification 
Accuracy % 
DT Training x x x 0.76 0.77 83.8 
DT Validation x x x 0.09 0.13 39.5 
RT Training 0.43 0.57 0.48 x x x 
RT Validation 0.34 0.53 0.50 x x x 
Classified RT 
Training 
x x x 0.33 0.48 53.3 
Classified RT 
Validation 
x x x 0.31 0.47 52.6 
 
Table 3-11.  Summary of Tunbridge Soil Drainage Class Spatial Modelling Metrics ( x=not applicable) 
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3.4.5 Model Comparisons 
The strong relationship between soil drainage and landscape in Tasmania explains 
the good spatial correlation with the available covariates for all modelling 
approaches.  Although the DT discrete model worked reasonably well in Meander, 
poor validation was attained in the Tunbridge area.  Similarly, the RF-RK model for 
Meander tended to over-fit the training data at the expense of independent 
validation; that is, the model developed spatial relationships that closely associated 
the available predictors between the training points, but did not necessarily reflect 
what is actually occurring in the landscape, resulting in a higher rate of unexplained 
variability.  Hence the RT approach for soil drainage predictions in both areas were 
chosen as suitability inputs, as good validation outputs were achieved in comparison 
to the DT and RF-RK models for both the generated soil drainage index, and re-
classified, discrete soil drainage class mapping. 
The expert knowledge of the drainage at a particular location was effectively 
captured and extrapolated to surrounding landscapes based on the spatial 
correlation of available predictors.  This training might be considered somewhat 
subjective however, and relies on the surveyor’s experience and local soil-landscape 
knowledge. There may also be some uncertainty over the linearity of the Australian 
Soil Drainage Class system.  Despite this, the covariates were spatially correlated 
with the site estimates and acceptable model validation was achieved through the 
RT approach, despite training data being generated by two different surveyors.  Any 
subjectivity or discrepancies between surveyors may have been moderated by the 
fact that estimated classes encompass a range of slightly different drainage rates 
within each category. 
A definitive conclusion as to the best modelling approach would not be possible 
without some form of quantitative evaluation of the modelled surfaces. Quantitative 
soil drainage analysis in the form of replicated hydraulic conductivity measurements 
would provide a more rigorous validation of the different modelling approaches.  
However, most measurements tend to provide a measure of soil permeability for a 
particular layer or depth only, without consideration or measurement of the other 
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environmental factors that contribute to the Australian drainage class estimation.  
Such permeability measurements are also known to be highly variable and would 
therefore only provide a surrogate measure for validation.  The time and cost 
associated with these replicated measurements was not within the resources of this 
study. 
An advantage of the RT approach is that both continuous drainage indices and 
discrete drainage class mapping can be produced.  The drainage index is ‘visually 
appealing’ and demonstrates how soil drainage spatially trends with landscape 
position, rather than more polygonal (and spatially unrealistic) drainage class cut-
offs. Another advantage is that it can be applied to any legacy soil data that has a 
drainage class estimate attached, to either derive new mapping, or improve existing 
mapping as a continuous, statistically validated index.  It also reduces the need to 
apply complex hydrographical modelling functions in areas where no groundwater 
data or soil-landscape sequence drainage knowledge exists.  The RT outputs 
(specifically Cubist) are easier to interpret than the RF approach, where rulesets can 
be generated to show how each covariate is used within predictions, partitioning of 
this data into discrete spatial covariate zones, and the regression relationships 
within. 
The soil drainage index that was generated aligned well with expert drainage 
knowledge, conceptual soil-landscape patterns of area, and existing Soil Profile Class 
definitions (Spanswick and Zund, 1999; Spanswick and Kidd, 2001; Kidd, 2003).  
Importantly, in addition to the acceptable statistical validation of results, field 
validation was positive, where mapping aligned with the visual road-side indicators 
described in the methodology.  Drainage map and suitability samples are shown in 
Figure 3-3. 
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Figure 3-3. Partial Extent - Meander Drainage Index, Classified Drainage Class, Blueberries Drainage Suitability 
and Blueberries Overall Suitability. 
 
The index was used for the suitability predictions with drainage class cut-offs applied 
for each suitability class.  Twenty enterprise suitability surfaces (at 30 m resolution) 
were generated using all digital soil surfaces, with the limiting factors for each pixel 
attached as potential management constraints.  In the example of blueberries, soil 
drainage was a limitation to suitability in substantial areas demonstrating the 
importance of this mapping.  All surfaces are available on the Tasmanian 
Government spatial web-based portal for public access (www.theLIST.tas.gov.au). 
3.5 Conclusions 
The drainage surfaces generated using the Regression-Tree (RT) approach aligned 
well with expected landscape drainage patterns, known soil profile classes, and 
visual field indicators, and produced acceptable statistical agreement with 
independent qualitative validation data.  Compared to the Decision-Tree and 
Random-Forests, RT produced better results when validated both as a drainage 
index, and discrete reclassified surface within this study.  In summary, the RT 
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approach had some limitations but was generally acceptable for the purposes of this 
project, the positives including; 
• Expert soil drainage knowledge is extrapolated across the landscape. 
• The surfaces are consistent with Australian standards and industry 
terminology. 
• It is relatively rapid to implement (when compared to replicated soil physical 
drainage measurements). 
• Drainage Class codes can be used to derive a drainage index, which is visually 
appealing and a good indication of how drainage gradually changes with 
respect to landscape. 
• The approach can be applied to legacy data, potentially improving existing 
mapping, and generating a new soil drainage indices. 
The negatives of this approach include: 
• The mapping requires recruitment of experienced soil surveyors to 
implement field work. 
• Drainage estimates can be subjective, which could introduce some 
inconsistency between datasets from multiple surveyors, and potential 
modelling errors. 
The generated drainage index surfaces were found to be an important input 
parameter for the operational Government enterprise suitability mapping.  The 
approach proved to be a viable technique for spatial drainage class predictions 
within available project resources, for regional-resolution operational digital soil 
assessment. 
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Operational Digital Soil Assessment for Enterprise Suitability in 
Tasmania, Australia 
4.1 Abstract 
Land Suitability Assessment was undertaken for 20 different enterprises in Tasmania, 
Australia, as the first major operational Digital Soil Assessment in the country, 
www.dpiw.tas.gov.au/wealthfromwater.  Enterprise Suitability surfaces were 
released on a publically accessible spatial internet portal, www.theLIST.tas.gov.au, 
receiving in excess of 8,500 ‘hits’ in the first three months of release.  The project 
has led to an expanded Tasmanian state-wide enterprise suitability assessment at 3 
arc-second resolution (Chapters 5 and 6), with parallel contributions to both the 
TERN (Terrestrial Ecosystem Research Network Soil and Landscape Grid of Australia 
www.tern.org.au), and Globalsoilmap.net endeavours. 
4.2 Introduction 
Tasmania, Australia, is currently undergoing a period of agricultural expansion and 
intensification, driven by a series of new irrigation schemes being developed across 
the State (see Chapter 6).  The Tasmanian Government commissioned a 70,000 ha 
pilot project in the two irrigation areas outlined in Chapter 2 and 3 to assess the 
suitability of the 20 different enterprises listed in Chapter 1.  The land suitability 
assessment applied in Tasmania was in response to the innovation strategy 
described in the Thesis Introduction (West, 2009), primarily to stimulate water 
licensing uptake, and agricultural diversification and intensification as part of an 
overall agricultural economic stimulus (DPIPWE, 2015). 
The primary component of the pilot project was to test and apply Digital Soil 
Mapping (DSM) approaches, and into a Digital Soil Assessment (DSA) by applying 
conventional soil and climate rulesets (Chapter 1) to for a spatial land suitability 
assessment, where DSA is fundamentally the application of various biophysical or 
socio-economic interpretations to Digital Soil Mapping (DSM) (Carré et al., 2007).   
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Agricultural Land evaluation has been applied across many parts of the world to 
assess the possible and appropriate uses of land, the most commonly applied 
frameworks being the USDA land capability (Klingebiel and Montgomery, 1961) and 
the FAO (1976) suitability evaluation system (Triantafilis et al., 2001).  The evaluation 
process is basically used to provide the best chance of different land utilisation types 
being introduced where beneficial soil property and biophysical condition are 
optimal for greatest yields, while minimising potential land degradation due to 
inappropriate uses (Rossiter, 1996). 
Historically, traditional land suitability assessment, using conventional soil mapping, 
has been the main approach to this type of land evaluation.  International examples 
of this have been undertaken in Africa (Driessen et al., 1997) for sorghum, millet, 
soyabean, rice and groundnut; West Kenyan pyrethrum suitability (Wandahwa and 
Van Ranst, 1996) using the Automated Land Evaluation System (ALES) (Rossiter, 
1990); Central America, for the entire country of Belize (King et al., 1992); and in 
Australia, where various State agencies have combined cropping requirements with 
soils, landscape and climate for various site-specific crop suitability evaluations 
(Harms et al., 2015). 
There are several examples now emerging where DSM has been used to inform the 
soil parametric requirements of the land evaluation framework.  These have 
included rapid assessment of soil production potential, erosion and compaction risk 
through production of functional soil property grids in the Namorri are of 
Mozambique (van Zijl et al., 2014); and a recent Australian (Queensland) example 
where DSM was applied to inform a crop-specific irrigation suitability assessment 
(Harms et al., 2015; Thomas et al., 2015). 
The Tasmanian DSA for land suitability was completed in December, 2012; the aims 
of the following chapter are to present the methodology, results, and the key 
outcomes of the pilot project introduced in its early stages at the 5th Global Digital 
Soil Mapping Workshop, Sydney, 2012, (Kidd et al., 2012).  The Tasmanian 
Department of Primary Industries Parks Water & Environment (DPIPWE), along with 
the University of Sydney Faculty of Agriculture and Environment (through Australian 
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Research Council funding developed the ‘Wealth from Water’ project, 
www.dpiw.tas.gov.au/wealthfromwater. This follows the pilot study and suitability 
framework described in Chapter 2 and 3. 
4.3 Materials and Methods 
4.3.1 Project Areas 
The Tunbridge and Midlands areas (Figure 2-1, Chapter 2) were chosen to test the 
methodology on a wide range of soils and climatic parameters. Soils range from 
texture contrast tertiary sediments of the Launceston Tertiary Basin (Sodosols (Isbell, 
2002) Lixisols or Solonetz (IUSS Working Group WRB, 2007); Triassic sandstone 
sequences around Oatlands (Chromosols (Isbell, 2002), Luvisols or Phaeozems (IUSS 
Working Group WRB, 2007); red volcanic soils (Ferrosols (Isbell, 2002), Nitisols or 
Acrisols (IUSS Working Group WRB, 2007)) at Deloraine; to the complex alluvium 
around Meander (Kidd, 2003; Spanswick and Kidd, 2001; Spanswick and Zund, 1999). 
These are more comprehensively described in Chapters 2 and 3. 
4.3.2 Suitability Parameters 
The ten soil attributes required as suitability parameters were pH, EC (electrical 
conductivity), drainage, coarse fragments, soil depth, depth to sodic layer, clay 
percentage, and exchangeable calcium and magnesium, from soil core descriptions 
and MIR (mid-infra-red spectroscopy) analyses (see Table 4-1). Climate parameters 
included frost risk, chill hours, rainfall, and growing degree days, as per Webb et al. 
(2014; 2015). 
4.3.3 Soil Sampling, Description and Analyses 
Soil sampling was undertaken using a 0.05 m diameter percussion soil corer to a 
depth of 1.5 m (unless impeded), and sub-sampled by soil horizon as described in 
Chapter 2. Soil core descriptions were undertaken according to Australian guidelines 
(National Committee on Soil and Terrain, 2009), which included coarse fragments 
(CF, sizes 0.002-0.2 m, >0.06 m, >0.2 m), drainage class (as presented in Chapter 3), 
soil matrix colour and field texture.  Chemical analyses included pH (1:5 in water 
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(pHw)), electrical conductivity (EC, 1:5 in water), exchangeable cations (Ex Mg, Ex Ca, 
Ex Na, Ex K, cmol(+)/kg), performed for 15 % all samples, which were used to 
calibrate MIR analyses of all samples.  Calibration samples were chosen using a 
conditioned Latin hypercube sampling approach (Minasny and McBratney, 2006) 
from the entire spectral data of all scanned samples to ensure the full spectral range 
were included in the calibration process.  The calibration process used regression 
trees (RT) to predict the individual soil properties from the wet chemistry analysis 
using the spectral information for each sample, as described in Minasny and 
McBratney (2008).  MIR soil property predictions were used for chemical soil 
property DSM, while physical expert field descriptions were used for drainage, soil 
depth, and coarse fragments. Mass-preserving depth splines (Malone et al., 2009) 
were fitted to all sample sites to generate standard depth inputs for the suitability 
framework (0 to 0.15 m). 
4.3.4 Sample Design 
930 soil cores were extracted across the 70,000 ha (including 260 for independent 
model validations) using various sampling approaches, based on the environmental 
predictors. A conditioned Latin hypercube design (Minasny and McBratney, 2006) 
was initially used in Meander, with fuzzy k-means clustering of covariates used as 
strata in remaining areas, where sample locations could be shifted within clusters if 
access was constrained (Kidd et al., 2015a), as outlined and presented in Chapter 2. 
4.3.5 Environmental Predictors 
Scorpan environmental predictors (McBratney et al., 2003) used for the DSM 
modelling included; terrain derivatives (based on a 1 arc-second STRM-DEM, slope, 
eastness, northness, plan curvature, topographic wetness index); gamma 
radiometrics; satellite imagery (SPOT NDVI, fractional groundcover); geology, 
existing soil and land use mapping.  These were described in detail in Chapters 2 and 
3 respectively, (Kidd et al., 2014; Kidd et al., 2015a). 
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4.3.6 DSM Modelling 
Regression-Trees (RT) using Cubist software, http://rulequest.com), Random-Forests 
(RF) (Liaw and Wiener, 2002; R Development Core Team, 2012) and Universal-Kriging 
(UK) using SAGA GIS  (System for Automated Geoscientific Analyses, 
http://www.saga-gis.org, 2009) were tested to generate continuous soil property 
surfaces.  Ordinary kriging of model residuals (Regression-Kriging (RK)) (Odeh et al., 
1995)), was also tested to account for any residual spatial correlation with distance, 
and potentially improve validation metrics. Decision-Tree (DT) modelling (See5, 
http://rulequest.com) was used for categorical soil properties.  
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Soil Parameter  
(0 to 0.15m) 
Variable 
Type 
Area Method 
pHw
 
(1:5 water) 
Continuous Meander 
Tunbridge 
RT 
RT 
EC 
(dS/m) 
Continuous Meander 
Tunbridge 
RT 
RF-RK 
CF 0.002 to 0.2m Ordinal Class Meander 
Tunbridge 
DT 
DT 
CF > 0.06m  Ordinal Class Meander 
Tunbridge 
DT 
DT 
CF > 0.2m Continuous 
Index 
Meander 
Tunbridge 
DT/RT 
DT/RT 
Clay % Continuous Meander 
Tunbridge 
RT 
RT 
Soil Drainage Continuous 
Index 
Meander 
Tunbridge 
RT 
RT 
Presence of 
Duplex* Clay 
<0.4m
**
 
Binary 
(yes/no) 
Meander 
Tunbridge 
DT 
DT 
Exchangeable Ca 
(meq./0.1kg) 
Continuous Meander 
Tunbridge 
RT 
RT 
Exchangeable Mg 
(meq./0.1kg) 
Continuous Meander 
Tunbridge 
RT 
RT 
Depth to Sodic 
Clay
**
 
Continuous Meander 
Tunbridge 
DT/RF 
DT/RF 
Soil Depth
**
 Continuous Meander 
Tunbridge 
DT/RT 
DT/RT 
*Sharp horizon change to heavier clay 
**Depth (0 to 0.15m) not applicable 
 
Table 4-1.  Soil Parameters and final modelling methods. 
 
Target variable transformations were applied (logarithmic, exponential, and 
inversion) where a non-normal distribution was evident, to assess improvement (if 
any) to modelling outputs.  Table 4-1 summarises the final methods used for each 
soil surface parameter prediction, chosen from the best predictions (in terms of 
validation and training metrics).  
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A high proportion of “zero value” data was recorded for coarse fragments (CF) and 
sodic layers.  Subsequent modelling, and transformation of this data for further 
model testing did not produce meaningful relationships with environmental 
predictors.  It was therefore necessary to first model these data-sets as binary 
presence/ absence maps, and limit the continuous modelling of the soil attribute to 
areas with a predicted presence of condition only.  This approach was also applied to 
the soil depth mapping, modelling areas that were deeper than 1.5 m (sampling 
limit) as ‘no soil depth limitation’, and areas where a ‘C’ or ‘R’ horizon was reached, 
modelled as ‘shallower than 1.5 m’.  The depth value modelling was then applied to 
the ‘shallower than 1.5 m’ areas, to determine a continuous depth prediction.  Soil 
drainage class was modelled as both an ordinal class as per the National Committee 
of Soil and Terrain (2009), and as an index as per Kidd et al. (2014), presented in 
Chapter 3.  This is effectively referred to a ‘two-depth’ modelling approach, and is 
used where the target variable dataset contains a high proportion of zero-values 
(Heilbron, 1994; Fletcher et al., 2005; Gastaldi et al., 2012; Kempen et al., 2015). 
4.3.7 Validation 
The validation dataset were intersected with the corresponding modelled 
predictions and validation quantified by the coefficient of determination (R2), 
concordance correlation coefficient (CCC, the fit around the 1:1 line (Lin, 1989)), and 
root mean square error (RMSE) for continuous target variables (Chang and Laird, 
2002).  Validation for the DT modelling and re-classified models was performed by 
intersecting the independent validation site numerical drainage class with the 
predicted drainage class, or re-classified predictions.  Agreement statistics (kappa 
coefficients (Cohen, 1960)) were generated from confusion matrices determining the 
proportion of successfully predicted classifications and overall model performance.   
Due to the high proportion of validation sites unable to be sampled due to 
operational constraints, as discussed in Chapter 2 (Kidd et al., 2015a), inclusion 
probabilities for validation were unable to be calculated, therefore the validation 
process used here was unable to determine statistical mapping performance, but 
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rather a measure of overall model performance, which was considered adequate for 
this regional-resolution land suitability mapping exercise. 
4.3.8 Suitability Modelling 
Enterprise suitability rules were developed by TIA for twenty horticultural and broad-
acre crops, based on research trials, existing literature, and workshops with industry 
representatives, growers and agronomists (Tasmanian Institute of Agriculture, 2012).  
A decision-tree suitability model (using a four-class, most limiting factor approach 
(Klingebiel and Montgomery, 1961)) combined digital soil and climate grids to 
produce Enterprise Suitability surfaces, which were published on a publically 
accessible spatial internet portal, www.thelist.tas.gov.au.  This follows that the 
overall suitability class for any given pixel is only as high as the lowest parameter 
suitability rating.  For example, if all soil and climate properties were rated suitable, 
but pH was unsuitable, the overall suitability rating becomes unsuitable.  Surfaces 
are query-enabled, with soil, climate and their suitability ratings and limitations 
attached to each pixel. 
4.4 Results and Discussion 
4.4.1 Model Training and Validation 
Model validations were generally reasonable to good, with results showing that the 
available covariates (and sampling design) facilitate effective spatial predictions of 
the required soil properties using DSM techniques.  Training and validation model 
metrics are shown for continuous target variables in Table 4-2, and discrete or 
categorical target property metrics are provided in Table 4-3. Validations are shown 
is square parentheses. In general, the coarse fragments (CCC = 0.93), clay % (CCC = 
0.93), drainage (CCC = 0.86), and exchangeable calcium (CCC = 0.84) and magnesium 
(CCC = 0.82) were the better spatial predictions, in terms of the calculated training 
and validation metrics.  Soil depth (CCC = 0.29) and sodicity depth (CCC = 0.42) did 
not model well in the Meander area, due to a lack of soil samples where soil depth 
limit (‘C’ horizon or impeding rock) was reached, and very few sodic soils.  pH in both 
areas modelled well (CCC = 0.79 and 0.82), but validated relatively poorly (CCC = 0.35 
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and 0.45) due to the unexplained variability introduced by land management inputs.  
EC was generally poor in Meander (CCC = 0.29), but modelled better in the 
Tunbridge area using RF-RK (CCC = 0.53), mainly due to the higher levels of salinity in 
this area (Kidd, 2003). 
Soil depth (CCC = 0.69) and depth to sodic layer (CCC = 0.62) modelled better in the 
Tunbridge area due to a higher proportion of sodic soils than in Meander, and the 
shallow soils prevalent in the rocky hills throughout the area.  Coarse fragments 
greater than 0.2 m (CF > 0.2 m) initially modelled poorly for both areas, with very 
few sites recording this stone size, but was drastically improved using a desktop 
training approach, where rocky areas were identified by the surveyors using local 
knowledge, and satellite imagery to provide supplementary training data.  Tunbridge 
Exchangeable magnesium (Ex Mg) modelled very poorly (CCC = 0.15), which implies 
that available covariates fail to explain the spatial variability of this cation 
concentration. Validation RMSE values (as a measure of average modelling error 
magnitude) were generally within realistic ranges, i.e. within acceptable margins of 
error relative to the soil attribute of interest.  
 
 
Soil 
Property 
          Training [Validation] 
(0-0.15m) 
Meander 
 
R
2
 
 
CCC 
 
RMSE 
 
pHw 0.75[0.15] 0.79[0.35] 0.17[0.23]  
EC (dS/m) 0.19[0.16] 0.29[0.26] 0.03[0.03]  
CF>0.2m (%) 0.86[0.48] 0.93[0.59] 0.49[0.68]  
Clay (%) 0.74[0.40] 0.80[0.58] 3.61[4.75]  
Drainage Index 0.79[0.39] 0.86[0.57] 0.27[0.46]  
Ex Ca (meq/100g) 0.78[0.52] 0.84[0.67] 2.20[3.70]  
Ex Mg (meq/100g) 0.76[0.36] 0.82[0.57] 1.21[2.30]  
Soil Depth (cm) n/a*[0.13] n/a*[0.29] n/a*[9.21]  
Sodicity Depth (cm) n/a*[0.30] n/a*[0.42] n/a*[19.6]  
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Tunbridge R
2
 CCC RMSE 
pHw 0.80[0.20] 0.82[0.45] 0.15[0.23]  
EC (dS/m) 0.84[0.36] 0.53[0.58] 0.04[0.05]  
CF>0.2m (%) 0.90[0.87] 0.92[0.91] 0.55[0.61]  
Clay % 0.85[0.50] 0.90[0.63] 3.12[4.75]  
Drainage Index 0.43[0.34] 0.57[0.53] 0.48[0.50]  
Ex Ca (meq/100g) 0.42[0.33] 0.59[0.57] 3.11[3.92]  
Ex Mg (meq/100g) 0.07[0.04] 0.15[0.14] 1.93[1.70]  
Soil Depth (cm) 0.58[0.56] 0.69[0.69] 16.9[20.8]  
Sodicity Depth (cm) 0.64[0.19] 0.62[0.33] 6.94[8.11]  
 
*No training metrics, as all data was incorporated into 
 the model, using a cross-validation 
Table 4-2.  Continuous Soil Property Modelling Metrics (Meander) 
 
 
Soil 
Property 
Kappa Coefficient with Linear Weighting 
Training [Validation] 
 Meander  Tunbridge  
CF > 0.06m n/a*[0.18]  0.84[0.34]  
CF 0.002-0.2m n/a*[0.22]  0.97[0.39]  
Soil Drainage 
(Class) 
0.72[0.37]  0.48[0.47]  
Duplex Clay
**
 
 < 0.4m (y/n) 
n/a*[0.45]  n/a*[0.34]  
*No training metrics, as all data was incorporated into 
 the model, using cross-validation. 
**Sharp change in clay% between the ‘A’ and ‘B’ horizons. 
 
Table 4-3.  Modelling Metrics - Categorical Variables 
 
A lack of recorded presence of surface coarse fragments (0 to 0.15 m) in the 
Meander area meant that there was insufficient training data with non-zero values 
to effectively form a DT model; consequently, the training and validation datasets 
were combined, and coarse fragment abundance classes (National Committee on 
Soil and Terrain, 2009) modelled out as ordinal categorical variables, using a ten-fold 
cross validation as described in Kidd et al. (2014).  Validation kappa values (linear 
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weighted for ordinal data (Cohen, 1968)) were generally poor to fair in the Meander 
area (0.18), mainly due to a lack of training data and the subjective class estimates.  
Modelling was superior in the Tunbridge area where there were more surface coarse 
fragments recorded in the surface and upper soil horizons, achieving very good 
kappa coefficients for training (kappa = 0.84), with reasonable validation (kappa = 
0.34) for  
CF > 0.06 m.  Training and validation kappa coefficients were 0.97 and 0.39 
respectively for CF between 0.002 and 0.2 m.  Similarly, insufficient non-zero training 
data was recorded in Meander for the presence of duplex clay within 0.4 m of the 
surface.  A cross-validation was again used, providing a moderate validation rate for 
the Meander area (kappa = 0.45), with a fair validation for Tunbridge (kappa = 0.34), 
as per the qualitative classes described by Fleiss et al. (2004).  Figure 4-1 shows the 
training and validation observed versus predicted graphs for clay % in the Meander 
area, and the relationship to the 1:1 (dotted) line of concordance (expected value).  
It can be seen from these graphs that clay % was slightly under predicted. 
 
Figure 4-1.  Clay %, Meander.  Observed vs Predicted (Training Left), Observed vs Predicted (Validation, Right) 
 
The DSM approaches piloted in the ‘Wealth from Water’ project areas were shown 
to produce acceptable predictions of soil properties, with adequate relationship 
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evident between the target variables of interest, and the available spatial covariates.  
The mapping also demonstrated that both quantitative property measurements, and 
qualitative (expert-based) descriptions and estimates could be integrated into the 
assessments.  The methodology was reliant on numerous soil property 
measurements and chemical analyses, and would therefore be unviable without the 
use of MIR predictions of soil properties (due to the associated costs of conventional 
‘wet chemistry’ analyses) (Pirie et al., 2005). 
 
 
Figure 4-2.  Clay % predictions, Tunbridge. 
 
154 
 
Figure 4-2 shows spatial clay content (0 to 0.15 m) for the Tunbridge area, 
demonstrating the fine-textured alluvial soils to the north, and the coarser-textured 
Triassic Sandstone soils to the south.  Heaviest clays occur in drainage depressions 
and recent floodplains (Kidd, 2003) on the black cracking clays (Vertosols (Isbell, 
2002), Vertisols (IUSS Working Group WRB, 2007)). 
The RT approach was favoured for most continuous property predictions, as it 
generally achieved the most realistic model validations, whereas RF modelling 
tended to over-fit the data (a larger disparity between training and validation 
metrics).  However, EC modelling in Tunbridge produced the best training and 
validation metrics when using the RF-RK approach. It was also found that target 
variable transformations, or using principal-components to de-correlate covariates 
didn’t substantially improve RT modelling.  Similarly, validation of RT models was not 
overly improved by kriging the residuals, and the variogram of the residuals mainly 
show a nugget effect, with poor autocorrelation.  Another perceived advantage of 
the RT (Cubist) approach is that model outputs produce rulesets that describe how 
the covariate values are partitioned and the regression models are applied to each 
partition, which makes model interpretation more pragmatic and facilitates spatial-
interrogation that can demonstrate how the modelling was applied to different parts 
of the landscape. 
4.4.2 Suitability Maps 
The soil property surfaces were integrated with the modelled climate surfaces 
(Webb et al., 2015) to produce the overall suitability ratings for each enterprise, for 
each pixel.  Online maps were uploaded and are publically available through 
www.thelist.tas.gov.au, which can be overlaid with other environmental or 
administrative layers to provide planning tools for investors or farmers to make 
better-informed decisions, with respect to irrigation and the twenty enterprises 
within the suitability framework.  The maps provide a four class suitability system 
(unsuited, marginally-suited, suited or well-suited), which can be spatially queried to 
display the suitability class for each soil and climate parameter, the thresholds for 
each class, and what the limiting factor(s) may be.  This will give an indication to 
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users whether a limitation maybe ‘hard’ (for example, growing degree days), and 
therefore prohibitive to development, or a ‘soft’ limitation (for example, pH, which 
could effectively be managed by liming).  Figure 4-3 shows the suitability of 
blueberries for an area close to Meander, Tasmania, and the limiting factors that 
make this area classed as ‘unsuited’. 
 
 
Figure 4-3.  Suitability of Blueberries, ListMap output 
4.4.3 Suitability Analysis 
Figure 4-4 shows the percentage area of each suitability class for each enterprise, for 
combined for both areas. 
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Figure 4-4.  Percentage area of each enterprise suitability class. 
 
The graphical representation shows very few areas are highly suited to any 
enterprises, indicating that most enterprises will have at least one soil or climate 
parameter that will need managing.  The most suited enterprises are rye grass, 
linseed, barley, and industrial hemp, while the least suited enterprises are onions, 
strawberries, and wheat.  As an example of the least-suited enterprise, Figure 4-5 
and Figure 4-6 show the suitability-class areas for Meander and Tunbride 
respectvely, as shown on the internet mapping portal.  The suitability ruleset for 
onions are shown in Tables 1-3 and 1-4 of Chapter 1, for soil and climate parameters 
respectively. 
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Figure 4-5.  Onions Suitability - Meander. 
 
 
Figure 4-6. Onions Suitability - Tunbridge. 
 
This mapping shows that very few areas in Tunbridge (Figure 4-6) are suitable for 
onions, which is consistent with historical land uses and cropping in this region.  
More areas are indicated as suited within the Meander area (Figure 4-5), where 
onion cropping is much more common; however, some areas show anomalies where 
land mapped as unsuited has successfully grown onions in the past (for example, 
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near Hagley in the centre of the map).  Figure 4-7 shows the suitability class areal 
proportions for each soil and climate parameter. 
 
 
Figure 4-7.  Percentage area of each suitability class for each parameter. 
 
 
This graphically shows that exchangeable calcium and pH are the greatest limitations 
to onion suitability; however, these parameters can be managed through the 
application of lime, potentially increasing both pH and calcium levels into more 
favourable productivity ranges.  This could explain some of these areal anomalies, 
where lime applications have allowed cropping, but the management inputs have 
not been adequately explained through either appropriate covariates, or covered by 
the soil sampling locations to be predicted by DSM.  Other limitations to onions 
include drainage, slope, heat-risk and frost-risk, with most of these limitations 
present in the Tunbridge area, which has generally hotter summers and colder 
winters, as typical of the Tasmanian Midlands (Davies, 1988).  Despite the suitability 
rulesets being developed for irrigated agriculture, rainfall is included for a variety of 
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purposes, including the risk of crop damage at harvesting due to excessive moisture, 
as well as trafficability of equipment at certain management stages and potential 
paddock damage. 
4.4.4 Digital Soil Assessment Framework 
From the approaches tested, applied and adapted in the pilot study, a basic 
operational DSA framework has emerged that can be applied to other areas of the 
State and different jurisdictions in Australia, and elsewhere.  The framework 
basically follows; 
1. Area identification, data compilation and soil sampling design. 
2. Soil Sampling and analysis. 
3. Digital Soil Mapping. 
4. DSA, combining DSM with climate data and suitability rules to produce final 
maps. 
This framework is summarised further in Figure 4-8. 
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Figure 4-8.  Basic Digital Soil Assessment Framework 
 
4.4.5 Extension of Research from the Pilot Project 
The ‘Wealth from Water’ suitability mapping has generated interest in Tasmania, as 
evident by the number of times the online mapping has been accessed (8,500 ‘hits’ 
in the first three months of release).  The continued mapping is now been 
undertaken for strategic areas around the state, for example Flinders Island, and 
budgeted to continue into other proposed or developed irrigation schemes. 
The DSM-suitability approach piloted in the project areas has now (in 2015) been 
applied to the entire state, which is being mapped at 3 arc-second resolution using 
existing soils data and available environmental covariates.  This work is presented in 
Chapter 5 (Kidd et al., 2015b). In addition to the soil and climate parameters 
required for the suitability framework, GlobalSoilMap specified soil properties to 
standard depths are also being generated, with parallel contributions to the TERN 
(Terrestrial Ecosystem Research Network) Soil and Landscape Grid of Australia 
www.tern.org.au.  This will provide not only an indication of where irrigated 
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enterprises maybe developed, but a resource tool for state-wide environmental 
modelling.  The associated uncertainties of predictions will show where the highest 
level of confidence exists in the data, but also target where more soil-sampling 
investment is needed, especially those areas within the irrigation schemes. 
4.5 Conclusions 
Presenting this example of the first major digital soil assessments (DSA) undertaken 
in Australia, the output mapping products and modelling diagnostics demonstrate 
the viability of a DSM approach into operationalised regional resolution land 
resource assessment activities and environmental modelling.  The work has shown 
how the available spatial covariates, sampling and analyses approaches have 
established generally acceptable modelling validations, and that expert-based 
qualitative estimates can be incorporated with quantitative measurements and a 
DSM approach to provide meaningful mapping outputs. 
The integration between the DSM surfaces, climate mapping and the suitability 
framework as an overall DSA also emphasise the value of GlobalSoilMap and the Soil 
and Landscape Grid of Australia, and how these outputs might be used for future 
agricultural or environmental modelling. 
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 Chapter 5
  
State-wide Digital Soil Mapping using Legacy Data – a regional 
contribution to Soil and Landscape Grid of Australia and GlobalSoilMap 
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80-metre Resolution 3D Soil Attribute Maps for Tasmania, Australia 
5.1 Abstract 
Until recently, Tasmanian environmental modelling and assessments requiring 
important soil inputs has had to rely on conventionally-derived soil polygons that 
were mapped up to 75 years ago.  Following on from the ‘Wealth from Water’ 
project (Chapters 2, 3, 4), this chapter applies DSM to legacy soil datasets to develop 
enterprise suitability predictions across the whole state in response to further 
irrigation scheme expansion.  The generated soil surfaces have conformed and 
contributed to the TERN (Terrestrial Ecosystem Research Network) Soil and 
Landscape Grid of Australia (www.csiro.au/soil-and-landscape-grid), a superset of 
GlobalSoilMap.net specifications.  The surfaces were generated at 80 m resolution 
for six standard depths and 13 soil properties (including pH, EC, organic carbon %, 
sand %, silt % and coarse fragments), in addition to several Tasmanian enterprise 
suitability soil attribute parameters.  
The modelling used soil site data with available explanatory state-wide spatial 
variables, including the SRTM-DEM and derivatives, gamma-radiometrics, surface 
geology, and multi-spectral satellite imagery.  Regression trees were used to model 
the predicted spatial value, with upper and lower predictions estimated at the 90 % 
confidence interval using a ‘leave-one-out-cross-validation’ within each ‘tree’ or 
partition. A ‘ten-fold-cross-validation’ was used to test overall model validation, and 
the final output derived by averaging each of the k-fold outputs to produce  more-
robust and less-biased outputs.   
The DSM has delivered realistic mapping for most attributes, with acceptable 
validation diagnostics and relatively low uncertainty ranges in ‘data-rich’ areas, but 
performed marginally in terms of uncertainty ranges in areas such as the world-
heritage listed south-west of the state, with a low existing soil site density.  The 
version 1.0 soil attribute maps form the foundations of a dynamic and evolving new 
infrastructure that will be improved and re-run with the future collection of new soil 
data.  The Tasmanian mapping has provided a regional integration with the National 
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Soil and Landscape Grid of Australia (www.csiro.au/soil-and-landscape-grid), and will 
help guide future investment in soil information capture by quantitatively targeting 
areas with both high uncertainties, and important ecological or agricultural value.  
5.2 Introduction 
Until recently, Tasmanian environmental modelling and assessments requiring 
important soil inputs has had to rely on subjectively-derived soil polygons that were 
mapped up to 75 years ago.  Commencing in 2009, numerous Government-
commissioned irrigation schemes have been initiated across much of Tasmania’s 
agricultural land, primarily to intensify and diversify agricultural and horticultural 
production, and capitalise on the state’s favourable climate and soils to ensure food 
security and economic prosperity (Kidd et al., 2012b; Kidd et al., 2014a; Kidd et al., 
2014b; Webb et al., 2015).  This current and impending land-use change is driving 
the need for improved spatial soils data as functional modelling parameters to assess 
suitability, and identify potential environmental degradation hazards.  Most 
modellers require two dimensional continuously varying representations  of soil 
attributes known as surfaces;  these have historically been derived from the ‘legacy’ 
soil mapping polygons, with values extracted from modal profiles or classes where 
qualitative soil description with soil chemical and physical properties have been 
subjectively associated to similar landscapes.  However, improved computing power 
and spatial modelling techniques have allowed substantial enhancements and 
generation of 3D soil attribute grids, which have now been developed for the whole 
state.  
5.3 Digital Soil Mapping 
Following the Wealth from Water (WfW) pilot project and associated DSM described 
in Chapters 2, 3 and 4, the State Government expanded this to incorporate DSM for 
the entire Tasmanian State, and contribute to the GlobalSoilMap (Arrouays et al., 
2014a; Arrouays et al., 2014b) and Soil and Landscape Grid of Australia (Grundy et 
al., 2015) projects.  There is now sufficient published literature outlining the benefits 
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and appropriate methodologies of DSM to make this a valid scientific approach for 
development of operational government products.  The success and interest 
generated by the WfW Enterprise Suitability Assessment (ESA) has led to the 
generation of new soil attribute mapping for the whole of Tasmania using the DSM 
‘scorpan’ approach (McBratney et al., 2003), based on existing legacy soil site data 
and available spatial scorpan soil-forming factors (as described in Chapter 1). 
New soil attribute surfaces were generated as version 1 (v1.0) raster-based maps of 
a planned evolving suite of products to be updated in the future as new soil 
information is collected.  The maps were produced at 80 m resolution (equivalent to 
the 3 second Shuttle Radar Topography Mission (SRTM)) digital elevation model 
(Gallant et al., 2011) for standard depths and soil attributes with upper and lower 
predictions (see Table 5-1), and comply with the Terrestrial Ecosystem Research 
Network (TERN) Soil and Landscape Grid of Australia (www.tern.org.au), and 
Globalsoilmap.net (GSM) specifications.   They have been uploaded as a regional 
stand-alone contribution to the National Soil and Landscape Grid of Australia, and 
integrated with the national grids by prioritising the areas for inclusion where 
predictions have the lower uncertainty, (www.csiro.au/soil-and-landscape-grid). The 
suite of products will inform state-wide ESA as well as a range of current and future 
environmental modelling scenarios.  By using the size and distribution of the 
uncertainties the spatial reliability of the surfaces can be assessed to encourage and 
guide future investment in the collection of land resource and soil data by targeting 
important environmental or agricultural productivity areas with high uncertainties. 
The aims of this study are therefore to;  
a) Generate a suite of multi-depth soil attribute surfaces and mapped estimates 
of uncertainty across the whole of Tasmania at 80 m resolution.  
b) Present the methodology and associated modelling diagnostics as 
accompanying documentation to the Version 1.0 products. 
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5.4 Methods and Materials 
5.4.1 Study Area 
Tasmania, as Australia’s southern-most, and only island state has a cool-temperate 
climate, with mean annual rainfall averaging over 1800 mm yr-1 in the west, to less 
than 450 mm yr-1 in the central Midlands (Australian Bureau of Meteorology, 2014),  
driven by the central-plateau rain-shadow effect (Davies, 1967).  Population is about 
500,000 people, with agriculture being one of the most economically important 
activities.  Area is 68,401 km², with a diverse range of soils and landscapes and 
associated native flora and fauna. 
5.4.1.1 Dominant Soils and Land Uses 
Some of the most productive soils in Australia are derived from Tertiary basalt on the 
north-west coast and north-east around Scottsdale, used for intensive vegetable and 
alkaloid poppy cropping, and some dairying.  These Red Ferrosols (Isbell, 2002) 
(Nitisols or Acrisols; USS Working Group WRB (2007)) are fertile, well-structured, 
freely draining (Spanswick and Kidd, 2000), and relatively high in organic carbon 
(Sparrow et al., 1999; Cotching et al., 2009; Cotching and Kidd, 2010; Cotching, 
2012).  The Midlands (from Launceston to Hobart) is another important agricultural 
area for Tasmania, supporting cereal cropping, alkaloid poppies, and grazing beef 
and sheep.  The area is predominantly associated with duplex soils (sharp change in 
texture between the A and B horizons), many of which are sodic (exchangeable 
sodium % > 6).  These classify as Sodosols (Isbell, 2002) (Solonetz or Lixisols; IUSS 
Working Group WRB (2007)). Primary salinity is evident in small, localised break-in-
slope and depression areas in the lowest rainfall areas of the Midlands (Kidd, 2003). 
Soils formed from Jurassic Dolerite cover much of the state (Kirkpatrick, 1981), 
consisting of undulating low hills and mountainous areas of stony Brown Dermosols 
(Isbell, 2002) (Lixisols; IUSS Working Group WRB (2007)) supporting grazing on foot-
slopes, native and plantation forestry, and conservation (Cotching et al., 2009).  
Sandy coastal plains provide grazing, dairy and cropping in the far north-west and 
north-east, forming Aeric, Acquic and Semi-acquic Podosols (Isbell, 2002) (Podzols; 
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IUSS Working Group WRB (2007)) (Cotching et al., 2009).  Perennial horticulture 
(mainly apples) is common in the Huon Valley (south of Hobart), and is proliferating 
as emerging stone-fruit and viticulture industries in many other parts of the state. 
The state’s west and south-west have large areas of ecologically important 
conservation land, much of this with world heritage area (WHA) listing.  These are 
mainly wilderness areas of rainforest, peat-lands and moorlands, from button-grass 
plains to rocky skeletal mountain ranges.  The areas contain vast areas of peat soils, 
extremely high in organic carbon and matter (Organosols (Isbell, 2002)), (Histosols; 
IUSS Working Group WRB (2007)). 
5.4.2 Legacy Soil Information 
Much of Tasmania’s historical soil information takes the form of reconnaissance-
level soil surveys undertaken by CSIRO Division of Soils, Adelaide between 1940 and 
1967, consisting of 1:63,360 scale soil mapping, reports, site descriptions and 
analytical samples.  These maps and reports were updated and harmonised across 
the State by the Tasmanian Department of Primary Industries Parks Water and 
Environment (DPIPWE) between 1997 and 2001, and re-published at a scale of 
1:100,000 (Spanswick and Kidd, 2001).  Additional soil mapping was undertaken by 
DPIPWE in 1993 for a 1:100,000 map sheet in the South Esk region (Doyle, 1993), 
and as 1:100,000 scaled land capability mapping of the important agricultural areas 
through most of the 1990s (Grose, 1999).  There has been additional ad hoc 
1:100,000 surveys undertaken by Forestry Tasmania in some of the state forest areas 
(Forth, Pipers and Forester map sheets), as well as several minor more detailed 
surveys in various agricultural parts of the state.  Most of the state’s legacy soil 
mapping has involved assigning either soil type (as the dominant soil profile class, i.e. 
a grouping of similar soil properties, described values, parent material and 
topographic position into a modal or typical conceptual soil based on soil attribute 
ranges), or as soil associations, where a dominant soil is assigned to a polygon, 
described as in association with other unmapped minor soils, based on a regularly 
repeating landscape pattern (Spanswick and Kidd, 2001; McKenzie et al., 2008). 
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Figure 5-1 shows the extent of the correlated 1:100,000 soil maps, and existing soil 
database sites. 
 
 
Figure 5-1.  Tasmania Location and Legacy Soils Data 
 
Most of this mapping was located on agricultural land; however vast but very 
important ecologically sensitive areas of the south-west WHA remain relatively un-
mapped or sampled.  These areas are vulnerable to land use and climate change in 
terms of threatened species and carbon storage (Tasmanian Climate Change Office, 
2012).  In addition, the agriculturally important north-west Ferrosols are also under-
represented in the legacy mapping. 
The DPIPWE soil database holds approximately 5,500 soil sites, descriptions, 
analytical data and field observations of varying quality.  These sites formed the basis 
for the soil survey descriptions and associated mapping, as well as other ad hoc 
monitoring or environmental assessments. 
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The only other available soil-related mapping was Land Systems of Tasmania, 
available for the entire state at a nominal scale of 1:250,000, a series of mapping and 
reports developed in the 1980s based on existing soil mapping, geology, terrain, 
rainfall and vegetation (Richley, 1978; Pinkard and Richley, 1982; Davies, 1988; 
Pemberton, 1989).  This is essentially in accordance with the SOTER (World Soils and 
Terrain Digital Soils Database) approach (Land and Division, 1993; Oldeman and Van 
Engelen, 1993), where each land system polygon is conceptually delineated on the 
basis of these repeating environmental characteristics, with minor components split 
on topographic position, vegetation and/or brief soil descriptions.  Through an 
expert process, DPIPWE have assigned modal soil profiles to these minor un-mapped 
components, which have been attributed and uploaded to the Australian Soil 
Resources Information System (ASRIS) (www.asris.csiro.au) as most-likely soil 
properties of standard depths for percentage area estimates of minor components.   
For any Tasmanian environmental modelling or assessments requiring important soil 
attribute information as inputs, the 1:100,000 polygonal soil mapping was the only 
major source of soil information available in many agricultural areas; elsewhere, it 
was necessary to rely on the coarse and conceptual land systems.  Where soil types 
or associations were mapped, it was first necessary to determine the range or 
averaged soil property or descriptive value from the conceptual soil type or profile 
class, and then determine an area-weighted-mean by each polygon, for each major 
and minor un-mapped soil (subjectively-estimated) components.  This was difficult 
where no estimate was available of minor soil component area. 
The age of the Tasmanian legacy soil mapping and its continued usage by decision 
makers confirms that investment in soil information infrastructure is worthwhile, 
and of positive cost-benefit.  
5.4.3 Calibration Sites 
Site data, including spatial reference, soil attribute of interest, and upper and lower 
depths were extracted from the DPIPWE (www.dpipwe.tas.gov.au) soils database, 
and cleaned to remove obvious errors, (e.g., Invalid attribute values, depths, or 
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coordinates).   Database sites were sourced from a variety of different projects, 
areas, uses and over a wide temporal range.  For example, sites from CSIRO soil 
reconnaissance mapping from the 1930s to 1950s, land capability sites from the 
1990s and 2000s, and the more recent ESA, (Kidd et al., 2012a; Kidd et al., 2012b; 
Kidd et al., 2014b).  Consequently, the remaining sites have a wide range of spatial 
precision, chemical analyses methodology, and surveyor descriptions.  It was 
important therefore to ensure that analytical methodology was consistent, removing 
unreferenced sources, and applying transfer-functions where known methodology 
relationships have been developed.  Temporal variability was not considered for the 
v1.0 outputs; hence they essentially show the average soil property condition over 
time in Tasmania, as per GlobalSoilMap specifications (Arrouays et al., 2014b).  It is 
acknowledged that there would be high temporal variability for surface soil 
attributes such as pH, EC and organic carbon %, which are highly impacted by land 
use and management.  Subsoil values are less prone to change (McKenzie et al., 
2002), therefore producing more stable modelling. However, there was insufficient 
site numbers to use more recent data (e.g., over the last decade), which will be re-
assessed for future version updates as additional legacy data is incorporated, or from 
new field sampling campaigns. 
Spatial clustering may also be evident with the majority of database sites, most of 
which were located using a purposive ‘free survey’ approach (National Committee 
on Soil and Terrain, 2009), and could therefore not adequately represent the entire 
covariate feature space (Carré et al., 2007b).  In cases where the underlying range of 
covariates is not adequately sampled, de-clustering approaches are generally not 
effective, with a de-biasing approach more beneficial (Pyrcz and Deutsch, 2003).  For 
the v1.0 undertaking, no attempt was made to remove sites due to clustering or 
bias.  It was assumed that more intensively sampled areas would provide the 
opportunity to develop better target covariate relationships, potentially lowering 
uncertainties in these areas.  Modelling bias towards more intensively sampled areas 
is inevitable in these situations, but is intuitively less problematic where a data 
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mining approach is used, as there is no geostatistical component within the 
modelling process. 
An average nearest neighbour analysis (ANNA) of an example dataset (coarse 
fragments) (using ESRI ArcGIS 10.2) resulted in a nearest neighbour ratio (NNR, 
observed mean distance divided by expected (random) mean distance); (Clark and 
Evans, 1954; Pinder and Witherick, 1972; Ebdon, 1985; Mitchell, 2005)) of less than 
1.0 (0.25), implying that the site data is not random, but spatially clustered (as 
expected).  It is expected that other soil attribute training datasets will also be 
spatially clustered as many of these are from the same field observations.  De-
clustering or de-biasing will therefore need to be considered in future v1.0+ updates 
as more data becomes available to train the DSM models, and whether this is strictly 
necessary for a data mining, rather than a classical geostatistical approach. 
Mass-preserving depth-splines (Malone et al., 2009; Malone et al., 2011) were fitted 
to the site data for each horizon sample to produce calibration data for the 
appropriate standard depths; (0 to 5cm, 5 to 15cm, 15 to 30cm, 30 to 60cm, 60 to 
100cm, and 100 to 200cm), as per the Soil and Landscape Grid of Australia 
specifications, a superset of the GlobalSoilMap specifications (Arrouays et al., 
2014b); and 0 to 15cm for the ESA requirements (Kidd et al., 2012b; Kidd et al., 
2014b). 
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5.4.4 Covariates 
Table 5-1 shows the spatial covariates (scorpan soil-forming factors, (McBratney et 
al., 2003)) chosen to model each soil attribute.  These were selected using those 
covariates most correlated (i.e. important in explaining the soil property value at a 
given location) in the original ESA DSM pilot project (Kidd et al., 2014b).  However, 
since this mapping had now encompassed the entire state, more globally-relevant 
covariates needed to be considered; hence mean annual rainfall and temperature 
were added.  Rainfall was considered especially important for Tasmanian soil 
formation due to the previously mentioned west-east rainfall trend across the state, 
and the associated diversity of soil formation (Cotching et al., 2009). 
 
Spatial Covariates Scale/Resolution Reference/Source 
Remote-Sensing   
LandSat Persistent Green Areas 80m (processed) SAGA GIS (System for Automated 
Geoscientific Analyses, 
http://www.saga-gis.org), 2009 
Integrated Gamma Radiometrics – 
Geology (Radioactive Nuclides - K, 
U, Th, Total Dose) 
80m (processed) Base Products Mineral Resources 
Tasmania, 2004. 
Climate   
Mean Annual Rainfall 80m (processed) DPIPWE, Bureau of Meteorology, 
Australia 
Mean Annual Temperature 80m (processed) DPIPWE, Bureau of Meteorology, 
Australia 
Terrain   
SRTM DEM-S 80m 3 Arc Second Digital Elevation 
Model, Adaptively Smoothed, 
Geosciences Australia, 2011 
Slope, Eastness Index, Northness 
Index, curvatures (plan & profile), 
topographic wetness index (TWI),, 
Multi-resolution valley bottom 
80m SAGA GIS (System for Automated 
Geoscientific Analyses, 
http://www.saga-gis.org) 
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flatness (MR), multi-resolution 
ridge top flatness (MRRTF), 
Vertical Desistance to Chanel 
Network (VDCN), Altitude Above 
Chanel Network (AACN), TCI_Low 
(lowland exaggeration), 
Topographic Position Index (TPI), 
Mid-Slope Position (MSP), Terrain 
Ruggedness Index (TRI), SAGA 
Wetness Index (SWI) . 
 
Table 5-1.  Tasmanian Spatial Covariates 
5.4.5 Terrain 
For elevation and the associated terrain derivatives (R, Relief, as in scorpan 
(McBratney et al., 2003), the 3 arc-second SRTM DEM was used (Gallant et al., 2011), 
and projected.  This was re-sampled to 80 m resolution due to the southern latitudes 
of Tasmania, determined as the optimum resolution to accurately re-project the 
surfaces back into the original geographic coordinate system.  It was necessary to 
produce the surfaces using the Australian Map Grid (GDA94, Zone 55) due to some 
covariate algorithms not working in the geographic system (e.g. SAGA Wetness Index 
(SAGA GIS, 2015)), and this being the standard coordinate system required for the 
Tasmanian publically-accessible spatial internet portal (www.theLIST.tas.gov.au). 
Several additional terrain derivatives were incorporated into the state-wide 
modelling, including TCI-Low (SAGA GIS, 2015), which exaggerates low-lying relief by 
relatively highlighting terrain detail in low-inclined regions (Bock et al., 2007).  This 
was considered important for differentiating the subtle terrace formations existing in 
areas of the Launceston Tertiary Basin (Doyle, 1993; Kidd, 2003).  Eastness and 
Northness Indices were also generated and incorporated into the modelling to avoid 
the potential ‘confusion’ where values such as 359 and 1 degrees are spatially very 
close, but at opposite end of the covariate value range in terms of modelling inputs. 
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5.4.6 Remote-Sensing 
5.4.6.1 Gamma-Radiometrics & Geology 
Gamma radiometrics were shown to be an important predictor of many soil 
properties within the ESA pilot work (Kidd et al., 2014b), as well as DSM activities 
elsewhere (Cook et al., 1996; McKenzie and Ryan, 1999; Dobos et al., 2000; Viscarra 
Rossel et al., 2014).  The Tasmanian products show, in addition to Total Count (TC), 
the proportions of radiometric Uranium (U), Potassium (K) and Thorium (Th) which in 
combination can help identify areas of deposition (e.g. alluvial) areas, as well as 
areas of denudation (e.g. mountain ranges) (Pain et al., 1999; Taylor et al., 2002; 
Erbe et al., 2010; Herrmann et al., 2010).  This effectively relates to the parent 
material (P, from scorpan (McBratney et al., 2003)), and the landscape history (A 
from scorpan, (McBratney et al., 2003). 
However, only partial radiometric coverage existed for Tasmania, covering 
approximately 50 % of the state (Figure 5-2).  In addition, the other important parent 
material covariate, geology, was only available at a scale of 1:250,000 as a state-wide 
coverage (Figure 5-2), producing mapping ‘artefacts’ (unrealistic mapping anomalies, 
(see Discussion Section)).  Since a large representation of the state’s geology was 
covered by the existing radiometrics, it was decided to model and extrapolate the 
existing products into un-mapped areas to allow its use as a potential spatial 
covariate.  Initially, this was undertaken by Regression Tree (RT) modelling (Cubist,  
Rulequest Research® (Quinlan, 2005)), only using terrain derivatives as covariates, 
and TC, U, K, and Th as separate calibration datasets from the existing radiometric 
coverage, using each raster-cell as a training point.  30 % of pixels were ‘held-back’ 
to use as validation data. 
However, initial surfaces did not adequately reflect some known geological 
formations in the extrapolation zones, for example, granitic landscapes in mid-west 
Tasmania.  The 1:250,000 geology (Mineral Resources Tasmania, 2008) was 
incorporated as an additional covariate into the RT modelling, which produced more 
realistic geological extrapolation.  The geology class was used as conditions or 
partitioning rules for all surfaces (TC, U, K, Th), (Figure 5-2, Extrapolated K).  The final 
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surfaces were tested as both a ‘standalone’ product, introducing an integrated 
‘geology-radiometrics’ covariate, and also by ‘stitching’ the original radiometrics 
back into each surface, and tested in initial DSM modelling as a covariate.  Improved 
DSM outputs were achieved using the integrated ‘geology-radiometrics’ surfaces in 
their entirety as covariates and replacement for the 1:250,000 geology, producing 
realistic DSM modelling outputs in terms of known soil-landscape relationships, also 
with improvements to modelling diagnostics.  The benefits of this approach meant 
that it was possible to use the existing radiometric-terrain-geology relationships, 
extrapolate these to non-mapped parts of the state, and reduce the mapping 
artefacts produced by using the broad-scale geological mapping (see Discussion 
Section).  It could be argued that this could introduce potential circularity and 
modelling weakness in the DSM as terrain derivatives were used as both spatial 
covariates in the DSM modelling as well as the radiometric extrapolation; however, 
the radiometric extrapolation was able to provide a measure of terrain and 
associated parent material relationship that would otherwise be missed by using 
terrain alone as a modelling covariate, and generally improved validation 
diagnostics. 
 
 
Figure 5-2.  Existing and Extrapolated Gamma-radiometrics, Tasmania. (Potassium) 
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5.4.6.2 Vegetation - Persistent Greenness 
Persistent greenness, that is, areas that highlight where vegetation is ‘green’ for 
longer periods of a year were generated as an index using LandSat imagery (Yang et 
al., 2001) and re-sampled to 80 m resolution.  This not only explains the vegetation 
components of the soil forming factors (O, Organism in scorpan), but is also useful at 
identifying ‘land use’, which has also been shown to explain the variability of soil 
property mapping using DSM (McBratney et al., 2003).  This covariate could explain 
soils and properties that have a higher nutrient status or water-holding capacity. 
5.4.7 Climate 
Mean annual temperature and rainfall were generated using existing BoM and ESA 
climate loggers (Webb et al., 2014) and incorporated as the climate soil-forming 
factor covariates (C in scorpan).  This was undertaken using terrain covariates 
intersected with 20 year average rainfall and temperature values to form the training 
dataset, and regression-kriging used to spatially estimate the values.  Again, these 
covariates were generated using terrain (raising the potential conundrum of data 
‘circularity’); however they were also found to be important explanatory datasets 
and provided model inputs in terms of topographic variations of temperature and 
rainfall with improved modelling diagnostics.  Where modelling artefacts (see 
Discussion Section) were introduced due to rainfall ‘banding’, variations in prevailing 
weather patterns, in terms of rainfall and terrain, were investigated with rainfall 
divided by windward/leeward wind-effects (SAGA GIS, 2015) found to be a good 
explanatory soil-forming variable for organic carbon.  This approach reduced 
mapping artefacts while still maintaining strong modelling diagnostics. 
5.4.8 Modelling 
A raster stack of all covariates was generated and the target variable (each soil 
property and depth) individually intersected with the covariate values to provide the 
calibration and validation data.  All modelling was undertaken in ‘R’ (R Development 
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Core Team, 2015), using Regression tree (RT), specifically the Cubist R package 
(Quinlan, 2005; Kuhn et al., 2012; Kuhn et al., 2013;).  The RT method is a popular 
modelling approach for many disciplines (Breiman et al., 1984), and has been widely 
used with DSM (McKenzie and Ryan, 1999; Grunwald, 2009; Kidd et al., 2014a).  
Cubist develops the regression trees by first applying a data mining-approach to 
partition the calibration and explanatory covariate values into a set of structured 
‘classifier’ data.  The tree structure is developed by repeatedly partitioning the data 
into linear models until no significant measure of difference in the calibration data is 
determined (McBratney et al., 2003).  A series of covariate-based rules (conditions) is 
developed, and the linear model corresponding to the covariate conditions is applied 
to produce the final modelled surface.  For this modelling exercise, the model 
controls were set to allow the Cubist algorithm to determine the optimum number 
of rules to generate. 
A perceived benefit of RT (Cubist) approach is that there is no need to select the 
most important covariates before modelling, e.g., by step-wise linear regression, as 
only those covariates that have some covariance with the target variable are chosen 
by the cubist data mining, with non-correlated covariates excluded from the RT 
conditions and linear models within the partitions.  This is a useful time-saving 
measure when predicting multiple soil attributes from the same covariates.  
Similarly, principal component analysis (PCA), often used to de-correlate covariates 
in some modelling approaches (Hengl et al., 2007), was not deemed necessary due 
to the cubist data mining capabilities. Using PCA of covariates would also diminish 
the RT model interpretability, i.e., end-users are able to observe how each covariate 
is used in the models.  Testing has also indicated that there was little need to 
‘normalise’ or transform target data to a normal distribution with the Cubist 
methodology, as it made insignificant difference to outputs and diagnostics.  This is 
mainly because Cubist uses data-mining to partition the covariates, which in effect, 
targets a corresponding range of the calibration data.  A series of linear models are 
then fitted to each segment of the target variable, for each rule partition of the 
covariates, resulting in a unique distribution of predicted values for each rule.  
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Therefore, the target variable distribution has little effect on modelling diagnostics 
as models are not formed over the full target-covariate range, but within each rule 
partition. 
5.4.9 Uncertainty 
Leave-one-out-cross-validation (LOOCV) was applied to the Cubist model to generate 
rule-based uncertainties, using only those covariates forming the conditional 
partitioning of each rule, following Malone et al. (2014).  LOOCV can be beneficial for 
smaller datasets (Kohavi, 1995), and therefore useful within this DSM exercise as 
some RT rule-based conditions might not necessarily contain sufficient data points 
for use with alternative cross-validation approaches (such as random holdback).   
The LOOCV, applied to an individual Cubist model for each rule,  effectively produced 
a mean residual value for each RT partition, with the upper and lower 5 and 95 % 
quantiles of the prediction variation providing the lower and upper prediction 
uncertainty values respectively, at the 90 % Prediction Interval (PI).  An example RT 
rule is shown below (Rule 1, for clay % 30 to 60cm), with ‘n’ data points meeting the 
Rule 1 condition; 
 
If Th <= 3.69, AND DEM <=198, AND MrRTF<=4.85, then 
Clayn-1 = (-0.19 x TC) + (-2.1 x Kpc) + (-0.7 x MrRTF) + (-0.13 x MrVBF) + (-0.385 x PG) + 0.26 x Slope + 
(-28 x TCI_Low) + (-0.26 x TRI) + 0.23 x TWI + 1.44 x Th + (-0.7 x Uppm) + 57.43              (Rule 1) 
 
where Clay = Clay%, TC = total radiometric count, Kpc = radiometric K (%), MrRTF = 
multi-resolution ridge-top flatness and MrVBF = multi-resolution valley-bottom 
flatness (Gallant and Dowling, 2003), PG = persistent-greenness, Slope = slope %, 
TCI_Low = topographic classification index (lowlands), TRI = terrain ruggedness 
index, TWI = topographic wetness index, Th = radiometric Th (ppm) and Uppm = 
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radiometric U (ppm), and each data-point held back is sequentially applied for 
validation of each loop.   
Initially, a random hold-back of 30 % of the training data was used for validation; 
however, re-running the models using different random hold-backs produced 
variations in predictions, uncertainties and modelling diagnostics implying model 
sensitivity to the data variance. To reduce this potential modelling bias, a k-fold cross 
validation approach was implemented (Rodriguez et al., 2010), where one-tenth of 
the data was randomly held-back, and the modelling looped ten times using a 
different tithe of the data held back for validation of each iteration.  The k-fold cross-
validation approach has been widely used in DSM when available training data is 
limited, or no independent validation data is resourced (Grimm et al., 2008; Martin 
et al., 2011; Hengl et al., 2014).  Each data point is held back only once, meaning that 
every part of the training data is tested.  The final prediction and upper and lower 
values for each surface cell is then produced by taking the mean from each of the 10 
k-fold model outputs, as well as the mean validation diagnostics, determining R2, 
root-mean-squared-error (RMSE), bias and concordance (Lin, 1989), and the 
percentage of validation values being within the 5 and 95 % PI, that is, the 
‘prediction interval coverage probability’, expected to be at 90 % where modelling 
uncertainty is optimal (Malone et al., 2014).  This approach effectively reduces bias 
and tests modelling variance, with studies showing that ten-fold cross-validation is 
the optimum number of k-folds to adequately test all parts of the training data and 
model sensitivity to the full training data range (Kohavi, 1995). It is anticipated that 
generating the rule-based estimates of uncertainty within each RT partition, then 
averaging by k-fold cross validation to reduce modelling bias, will produce a better 
understanding of which landscapes have better predictions of soil property 
variability, than relying on an average k-fold cross validation uncertainty estimate 
across all RT partitions and covariates. 
Three 80 m resolution raster surfaces of mean prediction with mean upper and 
lower predictions were generated for each soil property at the 90 % prediction 
interval, for each depth.  Diagnostics for each model k-fold were recorded and 
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averaged, as well as the individual RT models, documenting variable usage, rule-sets, 
and linear model coefficients. 
5.4.10 Continuous and Categorical Data 
The RT modelling was used for continuous datasets and soil properties, such as clay 
%, sand %, pH, organic carbon %, and EC (electrical conductivity, 1:5 soil/water 
suspension (Rayment and Lyons, 2011).  The method was also used for qualitative 
description data, such as coarse fragments (CF) (> 2 mm) class estimates and soil 
drainage class, as per Kidd et al. (2014a) where the ordinal categorical classes were 
treated as a continuous data (Chapter 3).  Where the CF classes (National Committee 
on Soil and Terrain, 2009) correspond to stone percentage ranges (Table 5-2), the 
final raster surfaces were stretched between each class range to correspond to the 
percentage range, e.g. Class 2, corresponding to a continuous modelled range of 1.5 
to 2.5, was stretched between these values to a range of 2 to 10 %, using R ‘Raster 
Package’ (Hijmans and van Etten, 2012), (Table 5-2).  For CF, this approach produced 
better modelling diagnostics and mapping outputs than modelling median CF % 
values as the target variable, or using decision trees DT class modelling. 
CF Class CF % Range 
Continuous Index 
Raster Range 
New ‘Stretched 
Value’ 
0 0 0 0 
1 < 2 0 to 1.5 0 to 2 
2 2 to 10 1.5 to 2.5 2 to 10 
3 10 to 20 2.5 to 3.5 10 to 20 
4 20 to 50 3.5 to 4.5 20 to 50 
5 50 to 90 4.5 to 5.5 50 to 90 
6 > 90 5.5 to 6 90 to 100 
 
Table 5-2.  Coarse Fragment Class Index with Percentage Stretch 
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5.4.11 Regression-Kriging 
To reduce the unexplained spatial variability of the DSM modelling, regression-
kriging (RK) was tested to model residual spatial autocorrelation.  RK is effectively a 
hybridised modelling approach that incorporates regression modelling with the 
interpolated model residuals, which has been shown to improve model performance 
in DSM (Odeh et al., 1995; McKenzie and Ryan, 1999; Hengl et al., 2004; Hengl et al., 
2007).  For this study, residual model estimates from the RT procedures underwent 
simple kriging and the output incorporated into the final surfaces.  However, testing 
the spatial semi-variance of the RT output residuals for many soil properties did not 
show strong spatial autocorrelation.  Various modelling types and sill and nugget 
ranges applied to the semi-variogram settings did not produce good semi-variogram 
fits.  The RK approach also drastically increased model processing-time, needing to 
individually krige the entire state for over 10,000,000 cells for each soil property and 
depth, in addition to the time taken to manually fit each variogram model.  Due to 
the increase in modelling time, off-set against the marginal improvements in testing 
surface validations, it was decided to desist with RK for the v1.0 surfaces. 
5.4.12 Pedotransfer Functions 
Pedotransfer Functions (PTFs) are correlation relationships developed to predict a 
soil property from other existing soil property datasets (McBratney et al., 2002), and 
were used where there was insufficient training data for certain soil attributes.  The 
PTFs were applied to predicted surface values (and upper and lower predictions), 
rather than applying the PTFs to the individual points as modeling target variables.  
This approach was favoured, mainly to;  
a) Reduce DSM modelling errors due to the incorporation of the PTFs 
unexplained soil attribute variability into the RT process; and because 
b) Many sites did not necessarily have all required soil property PTF inputs, 
which would ultimately reduce the number of training points available for the 
RT DSM modelling. 
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5.4.12.1 ECse 
There were very few available sites having data for the required soil property ECse 
(electrical conductivity of a saturated paste, 1:1 soil and water), hence this was 
generated by applying the PTF from Peverill et al. (1999), (equation 1). 
 
ECse = EC1:5x(500+6x0.59+0.016x(Clay%
1.5
))/(30.34+6.57x0.59+0.016x(Clay%
1.5
)) (1) 
 
where EC1:5 = electrical conductivity in a 1:5 soil-water suspension (Rayment and 
Lyons, 2011), and Clay% corresponds to the predicted clay values for each cell. 
5.4.12.2 Bulk Density 
There was also very few available data points with any bulk density (BD) values.  A 
PTF calibrated using Australian data from Tranter et al. (2007) was used, which 
incorporates the predicted sand % and organic carbon % for each cell value 
(equations 2 and 3). First a mineral density was predicted as a function of sand and 
depth: 
 
BDmin = 0.842 + 0.097 x log(depth) + 0.0057 x Sand  + (Sand - 44.72)
2
 x  (-0.0000845)        (2) 
 
where BDmin = Bulk Density of the mineral soil fraction (in g/cm
3), depth = mid depth 
of layer (in cm), and Sand = sand %.  The final bulk density estimate is determined by 
incorporating the effect of soil organic matter through equation 3 (Adams, 1973): 
 
BD = 100 /(OM /0.223 + (100 - OM) /BDmin)                 (3) 
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where BD = final bulk density estimate, and OM = organic matter content, estimated 
from: 
 
OM = 1.72 x OC                (4) 
 
and OC = predicted organic carbon %.  This does not take into account any land 
management influences on BD (such as compaction), but is considered a reasonable 
approximation of the most likely state, as influenced by the mineral, overburden, 
and organic matter (Tranter et al., 2007). 
5.4.12.3 Silt % Content 
Silt % was initially modelled for all standard depths using the DSM RT approach, and 
also compared against calculating the predicted silt % value for each raster cell by 
subtracting clay and sand % from 100, (equation 5). 
 
Silt % = 100 – (Sand % + Clay %)                        (5) 
 
It was ultimately decided to use the calculated silt % surface from equation 5 as the 
final v1.0 products, as the sand and clay modelling diagnostics were generally 
superior to the silt modelling, which would also remove the potential problem where 
the combined predicted particle size products were > 100 %.  Another approach, in 
consideration of such compositional data, is to use a log-ratio transform of the 
calibration data with covariance modelling to avoid this constant sum constraint 
(Kucera and Malmgren, 1998; Huang, Subasinghe et al. 2014), where logarithms of 
the ratios between the sand, silt and clay percentages and their geometric mean are 
used to ensure the composite predicted particle size values will sum to 100 % for 
each pixel. This will be tested further in the v1.0+ modelling. 
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5.4.12.4 Available Water Capacity  
There was very little data available with soil hydrology data available, as discussed in 
Chapter 3.  In addition to soil drainage predictions, PTFs were used to determine 
available water capacity (AWC) for each standard depth, such that; 
 
AWC = FC - WP (m/m)                     (6) 
 
Where FC = field capacity, and WP = wilting point, and in mm 
 
AWC = (FC-WP) x thickness of layer (in mm) x (1-gravel)           (7) 
 
where 
 
FC = 0.098 + -0.16 x tanh(0.5 x ((-0.97) + -0.85 x  BD + -0.01 x  clay% + 0.02 x  sand)) + 0.17 x tanh(0.5 
x (3.71 + -3.19 x  BD + 0.01 x  clay% + 0.02 x  sand%)) + -0.20 x tanh(0.5 x ((-3.94) + -0.51 x  BD + 0.02 
x  clay% + 0.05 x  sand%))                  (8) 
 
and 
 
WP = (-0.16) + -0.726 x tanh(0.5 x ((-0.976) + -0.856 x  BD + -0.01 x  clay% + 0.02 x  sand%)) + 0.13 x 
tanh(0.5 x (3.71 + -3.19 x  BD + 0.01 x  clay% + 0.02 x  sand%)) + 0.17 x tanh(0.5 x ((-3.94) + -0.51 x  
BD + 0.02 x  clay% + 0.05 x  sand%))              (9) 
 
These equations were derived using a national soil hydrology dataset (Budiman 
Minasny, Sydney University) to eventually inform a National soil inference system 
database (SINFERS) (McBratney et al., 2002; McBratney et al., 2006), however, were 
not uploaded to the National soil and landscape grid as further evaluation against 
Tasmanian soil hydrological data is undertaken during 2015 and 2016. 
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5.4.13 pH 
Available pH measurements were used as a 1:5 soil-water suspension (Rayment and 
Lyons, 2011), with insufficient data using the CaCl2 suspension to form state-wide 
models based on these measurements.  pH in CaCl2 can also be predicted from the 
pH in water surfaces using PTFs, such as from Henderson and Bui (2002) and 
Minasny et al. (2011) which also incorporate information on soil EC. 
5.4.14 Effective Soil Depth and Depth to Rock 
Effective soil depth (or plant exploitable depth) (Arrouays et al., 2014b) was 
considered as the depth of soil database descriptive sites to the upper value of any 
layer that corresponded to a C horizon (weathered substrate), R (rock), or hard pan 
(National Committee on Soil and Terrain, 2009).  The values were used as continuous 
target variables (in cm) within the standard RT approach.  Depth to Rock was 
modelled as above, using depth to any horizon with an ‘R’ (rock) designation. 
Table 5-3 summarises the DSM products and methodology of predictions. 
 
Soil Property No. of Depths (cm) Value Method No. of  Surfaces 
pH 7 (standard
x 
+ 0-15) pH Units, Predicted, 
Lower, Upper
xx
 
RT 21 
EC 7 (standard
x 
+ 0-15) dS/m, Predicted, 
Lower, Upper
xx
 
RT 21 
ECse 7 (standard
x 
+ 0-15) dS/m, Predicted, 
Lower, Upper
xx
 
PTF 21 
Sand % 6 (standard
x
) %, Predicted, Lower, 
Upper
xx
 
RT 18 
Clay % 7 (standard
x 
+ 0-15) %, Predicted, Lower, 
Upper
xx
 
RT 21 
Silt % 7 (standard
x 
+ 0-15) %, Predicted, Lower, 
Upper
xx
 
PTF 18 
OC % 7 (standard
x 
+ 0-15) %, Predicted, Lower, 
Upper
xx
 
RT 21 
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CF % 7 (standard
x
  +  0-15) >2mm %, 2-200mm, 
> 60mm, > 200mm, 
Predicted, Lower, 
Upper
xx
 
RT 30 
Effective Depth 1 (depth to) cm, Predicted, Lower, 
Upper
xx
 
RT 3 
AWC 7 (standard
x
 
   + total   profile) 
m
3
/m
3
 Predicted, 
Lower, Upper
xx
 
PTF 11 
BD 6 (standard
x
) Mg/m
3 
Predicted, 
Lower, Upper
xx
 
PTF 18 
ExCa 1 (0-15) meq/100g, Predicted, 
Lower, Upper
xx
 
RT 3 
ExMg 1 (0-15) meq/100g, Predicted, 
Lower, Upper
xx
 
RT 3 
Drainage 1 (total profile) Class, Predicted, 
Lower, Upper
xx
 
RT 3 
Depth to Sodic 
Layer 
1 (depth to) cm, Predicted, Lower, 
Upper
xx
 
RT 3 
Depth to Duplex
 
Clay 
1 (depth to) cm, Predicted, Lower, 
Upper
xx
 
RT 3 
   Total 218 
x
Standard Depths (cm); 0 to 5, 5 to 15, 15 to 30, 30 to 60, 60 to 100, 100 to 200 
xx
Uncertainties to the 90% Prediction Interval (5
th
 and 95
th
 % quantile) 
Table 5-3.  Summary of Digital Soil Mapping Surfaces 
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5.5 Results 
The DSM outputs and modelling diagnostics are presented in this section as 
individual soil attributes, with brief surface and subsoil comments.  
5.5.1 Clay Content 
Clay % surfaces were generated using site data with particle size analyses (PSA) 
values for each horizon.  A total of 1288 sites were available with clay % PSA, with 
values generated by the depth-spline interpolations for most horizons.  The averaged 
k-fold modelling diagnostics are shown in Table 5-4. 
Clay% 
  
Calibration 
  
  Validation 
  
% Within 
Depth (cm)  RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
0-5 mean 10.6 0.36 -0.95 0.51 12.1 0.19 -1.08 0.36 88.7 
 
stdev 0.3 0.04 0.14 0.04 1.4 0.09 1.07 0.07 3.0 
0-15 mean 11.2 0.32 -1.18 0.48 12.4 0.18 -1.29 0.35 88.6 
stdev 0.5 0.06 0.25 0.07 1.2 0.08 1.59 0.08 3.3 
5-15 mean 11.7 0.31 -1.34 0.46 13.0 0.16 -1.42 0.33 89.4 
stdev 0.3 0.04 0.13 0.05 0.9 0.07 1.28 0.07 2.5 
15-30 mean 14.9 0.31 -1.56 0.46 16.4 0.18 -1.71 0.34 88.7 
stdev 0.3 0.03 0.18 0.03 1.0 0.06 1.79 0.06 2.8 
30-60 mean 16.0 0.25 -0.23 0.40 17.6 0.13 -0.48 0.28 89.1 
stdev 0.4 0.04 0.28 0.05 1.4 0.07 1.45 0.08 3.9 
60-100 mean 15.7 0.26 -0.19 0.40 17.0 0.14 -0.09 0.28 89.4 
stdev 0.4 0.04 0.22 0.06 1.5 0.09 1.89 0.11 2.4 
100-200 mean 14.4 0.29 -0.57 0.45 16.1 0.14 -0.59 0.30 88.6 
stdev 0.4 0.03 0.29 0.05 1.5 0.08 2.31 0.08 3.6 
 
Table 5-4.  Clay % Modelling Diagnostics (Averaged k-folds) 
 
For surface layers (0 to 5 cm) modelling diagnostics were fair, with concordance 
values of 0.51 and 0.36, and RMSE 10.6 and 12.1 % for calibration and validation 
respectively.  However, validation diagnostics were better for subsoil predictions (60 
to 100cm), with 0.28 and 17.0 % for concordance and RMSE respectively.  Validation 
values were generally at or near expected prediction interval ranges (at the 90 % CL), 
with 89 % validating within these limits for both example depths (or within 90 % 
when taking the standard deviations into account).  The validation RMSE standard 
deviations were 1.4 and 1.5 % respectively for these surface and subsoil depths 
(about 12 % of the mean value), implying a broad range of training and validation 
values has marginal effect on the k-fold model variations and diagnostic outputs. 
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Figure 5-3.  Surface (0 to 5cm) Clay % 
 
Figure 5-3 shows surface (0 to 5 cm) clay % for the state which generally agrees with 
known regional soil-landscape relationships, e.g., low clay in sandy coastal areas, and 
higher surface clay percentages in the clay-loam topsoils of the north-west Ferrosols 
(Isbell, 2002).  From the k-fold diagnostics, many of the terrain derivatives, including 
elevation (DEM), Altitude Above Channel Network (AACN), Valley Depth, Multi-
resolution Valley Bottom Flatness (MrVBF), and Northness are important predictors 
of surface soil clay %.  The integrated radiometrics-geological layers are also 
important explanatory variables, especially potassium (K) and Thorium (Th).  This is 
demonstrated, for example, by the seventh k-fold model variable usage, with similar 
usage statistics in other iterations and depths (Figure 5-4).  Rainfall was initially 
found to be an important predictor, but was removed from the clay modelling due to 
the introduction of unrealistic mapping artefacts within the prediction surfaces for 
most depths (see Discussion Section). 
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Figure 5-4.  Example Covariate Usage, Clay % 
 
5.5.2 Sand Content 
There were 461 sites available with PSA for sand %.  Sand % modelling produced 
slightly better calibration-validation diagnostics to clay % in terms of concordance, 
for example, surface sand % (0 to 5 cm) had a values of 0.71 and 0.54 for calibration 
and validation respectively, however, RMSE was slightly higher, with 17.3 and 21.1 % 
for calibration/validation.  This implies that the modelled data fitted better around 
the observed vs predicted 1:1 line of fit (Lin, 1989), but were more dispersed around 
this line resulting in higher RMSE values (Table 5-5).  Sand % diagnostics were 
generally similar with all depths. 
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Sand% Calibration   Validation % Within 
Depth (cm) RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
0-5 mean 17.3 0.55 1.21 0.71 21.1 0.34 1.89 0.54 85.0 
stdev 1.3 0.07 0.81 0.05 2.3 0.13 2.58 0.11 7.4 
5-15 mean 17.8 0.53 0.96 0.69 22.3 0.29 0.46 0.50 85.0 
stdev 1.4 0.07 0.79 0.06 1.8 0.13 3.11 0.12 4.5 
15-30 mean 20.2 0.47 1.34 0.64 23.8 0.28 1.08 0.48 86.0 
 
stdev 1.4 0.07 0.93 0.06 3.2 0.12 2.54 0.11 7.2 
30-60 mean 20.4 0.47 -1.03 0.64 24.4 0.25 -2.10 0.45 88.5 
stdev 1.3 0.07 0.95 0.07 2.6 0.14 5.07 0.13 3.5 
60-100 mean 21.6 0.40 -1.41 0.57 24.6 0.23 -1.56 0.42 89.6 
stdev 1.0 0.05 1.08 0.06 2.2 0.10 4.28 0.09 5.3 
100-200 mean 22.4 0.37 0.47 0.54 27.9 0.08 -0.15 0.26 85.9 
 
stdev 1.9 0.10 1.26 0.10 4.3 0.09 5.62 0.11 8.1 
 
Table 5-5.  Sand % Modelling Diagnostics (Averaged k-fold) 
As expected, the sand % is inverse in appearance to the clay % mapping, being 
relatively high in coastal zones, and low in areas of expected high clay soils, as per 
the clay % mapping examples (Figure 5-5).  Some under-prediction of sand % might 
be evident in beach areas where close to 100 % is expected, mainly due to the lack of 
available coastal sites with PSA. 
 
 
Figure 5-5.  Surface (0 to 5cm) Sand % 
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In terms of covariate usage, the DEM and several derivatives were important 
explanatory variables, as well as radiometric K.  Model performance in terms of 
validation values within the upper and lower PI were slightly worse than clay %, 
ranging from 85.0 to 89.6 % (90 % CL), but were all within the 90 % range if taking 
standard deviation into account.  A standard deviation of 7.4 % for validation within 
the 90 % CL implies that there was moderate modelling sensitivity to the calibration 
data, due in part to the smaller sample size, and potential data outliers. 
5.5.3 Silt Content 
Silt % for all depths was calculated from the clay and sand % surfaces, and is 
therefore reliant on the modelling diagnostics of those surfaces. 
5.5.4 pH 
There were 1440 sites with laboratory pH available (Rayment and Lyons, 2011) for all 
or some horizons.  Surface modelling diagnostics were generally poor, for example, 
the 0 to 5cm surface had a concordance of 0.30 and 0.16, and RMSE of 0.6 and 0.7 
respectively for calibration and validation.  However, modelling diagnostics generally 
improved with depth in terms of concordance, with calibration-validation values of 
0.75 and 0.65 at a depth of 60 to 100cm, (Table 5-6).  The models generally validated 
within the 90 % CL, most around 89 %.  
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pH Calibration   Validation % Within 
Depth (cm)   RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
0-5 mean 0.6 0.19 -0.04 0.30 0.7 0.05 -0.03 0.16 88.1 
stdev 0.0 0.04 0.01 0.06 0.1 0.04 0.05 0.06 2.6 
0-15 mean 0.6 0.22 -0.05 0.33 0.6 0.09 -0.05 0.22 88.9 
stdev 0.0 0.08 0.01 0.09 0.1 0.04 0.04 0.07 3.8 
5-15 mean 0.6 0.18 -0.05 0.30 0.7 0.08 -0.06 0.21 89.8 
 
stdev 0.0 0.02 0.01 0.02 0.0 0.03 0.05 0.03 2.5 
15-30 mean 0.6 0.42 -0.02 0.59 0.7 0.23 -0.02 0.43 88.9 
stdev 0.0 0.03 0.01 0.03 0.1 0.10 0.05 0.09 2.6 
30-60 mean 0.7 0.55 -0.01 0.71 0.8 0.42 0.00 0.61 90.0 
stdev 0.0 0.04 0.01 0.03 0.1 0.09 0.09 0.07 2.0 
60-100 mean 0.8 0.60 0.00 0.75 1.0 0.45 0.01 0.65 88.8 
 
stdev 0.0 0.04 0.02 0.03 0.1 0.06 0.09 0.05 3.7 
100-200 mean 0.9 0.60 -0.03 0.75 1.1 0.41 -0.05 0.61 87.2 
stdev 0.0 0.04 0.03 0.03 0.1 0.07 0.14 0.05 3.4 
 
Table 5-6.  pH Modelling Diagnostics (Averaged k-fold) 
 
Visually, there is a prominent west to east trend in pH, with lower (more acidic) 
values in the high rainfall western areas, and higher (more neutral to alkaline) values 
in lower rainfall areas (in the central Midlands rain-shadow).  This is reflected in the 
covariate model usage for all k-folds, with rainfall being one of the most important 
variables in terms of conditions and model usage. High pH values were also evident 
around some coastal areas, due to sea shell-fragment deposition. Figure 5-6 shows 
subsoil pH (60 to 100 cm). 
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Figure 5-6.  Subsoil (60 to 100cm) pH 
 
5.5.5 Electrical Conductivity 
There were 3522 sites available with electrical conductivity (EC) of a 1:5 soil-water 
suspension (Rayment and Lyons, 2011).  Surface modelling diagnostics (0 to 5 cm) 
were very poor, with calibration and validation concordance both 0.02, and RMSE of 
0.30 dS m-1.  Subsoil modelling (60 to 100 cm), was an improvement, with a 
concordance of 0.64 and 0.47 for calibration/validation, and RMSE of 0.30 dS m-1 and 
0.29 dS m-1 respectively.  The subsoil EC values were higher than surface values; 
hence the RMSE were not as large in relative terms.  Most surfaces validated at or 
near the required 90 % CL (Table 5-7). 
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EC (ds/m) Calibration   Validation % Within 
Depth (cm)   RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
0-5 mean 0.3 0.01 -0.05 0.02 0.3 0.01 -0.05 0.02 89.9 
stdev 0.0 0.00 0.00 0.01 0.1 0.01 0.02 0.01 2.0 
0-15 mean 0.3 0.13 -0.04 0.11 0.3 0.06 -0.05 0.02 90.7 
stdev 0.0 0.15 0.00 0.11 0.1 0.15 0.02 0.02 2.3 
5-15 mean 0.3 0.12 -0.04 0.15 0.3 0.04 -0.04 0.06 89.7 
 
stdev 0.0 0.11 0.00 0.14 0.1 0.04 0.01 0.06 1.8 
15-30 mean 0.2 0.25 -0.04 0.33 0.3 0.08 -0.03 0.18 89.6 
stdev 0.0 0.09 0.00 0.11 0.1 0.06 0.02 0.09 2.2 
30-60 mean 0.3 0.43 -0.04 0.53 0.3 0.17 -0.04 0.31 89.0 
stdev 0.0 0.09 0.00 0.09 0.1 0.09 0.02 0.11 1.9 
60-100 mean 0.3 0.50 -0.04 0.64 0.3 0.29 -0.04 0.47 89.1 
 
stdev 0.0 0.03 0.00 0.03 0.1 0.12 0.02 0.13 2.1 
100-200 mean 0.3 0.67 -0.04 0.79 0.4 0.31 -0.04 0.52 88.5 
stdev 0.0 0.04 0.01 0.03 0.1 0.15 0.04 0.12 3.0 
 
Table 5-7.  Electrical Conductivity Modelling Diagnostics (Averaged k-folds) 
 
Visually, there was relatively little variation in surface EC across the state, with small 
localised areas of higher EC showing surface-expression in evaporation basins and 
break-of-slope areas, concentrated in the low rainfall areas of the central Midlands, 
as expected (Kidd, 2003).  Some coastal areas were also realistically highlighted as 
higher EC and therefore saline zones.  Subsoil EC was generally higher, also 
highlighting the well-known central Midlands primary salinity-prone areas and 
naturally-occurring salt-pans.  In terms of covariate usage, most k-fold iterations 
showed that elevation, moisture-simulation terrain derivatives such as topographic 
wetness index (TWI), and gamma-radiometric K were important predictors, along 
with mean annual rainfall. 
5.5.6 Electrical Conductivity (saturated extract) 
As per the PTF methodology section, ECse for all depths was calculated using the clay 
and EC outputs, and is therefore reliant on the modelling diagnostics of those 
surfaces.  Mapping showed similar environmentally realistic patterns to the EC 
layers, where Figure 5-7 highlights the high-level subsoil salinity evident in the low-
rainfall central Midlands.  This is consistent with higher areas of primary salinity 
evident in the Central Midlands area around Tunbridge and Woodbury, expressed as 
saline scalds and salt pans throughout the area, and showing good agreement with 
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elecro-magnetic induction mapping undertaken by Kidd (2003) throughout this area, 
as well as the areas of subsoil salinity identified in the Coal River Valley east of 
Hobart by Grose (2003). 
 
 
Figure 5-7.  Subsurface Electrical Conductivity of a Saturated Extract (60 to 100cm) 
 
 
5.5.7 Soil Organic Carbon Content 
There were 1623 available sites with soil organic carbon % (OC) data.  These surfaces 
modelled very well in terms of calibration and validation diagnostics, with surface (0 
to 5cm) concordance values of 0.88 and 0.72 respectively.  RMSE values were 3.5 
and 5.0 %.  Subsoil (60 to 100 cm) values for calibration and validation were poor, 
with concordances of 0.15 and 0.05, and RMSE values of 1.4 and 1.2 (Table 5-8).  The 
high correlation with topsoil OC and the available covariates, especially rainfall, in 
addition to the extreme variability and OC range of this surface soil property in 
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Tasmania resulted in these very high modelling diagnostics, whereas the poor ability 
to predict subsoil OC would be mainly due to the extremely low levels of subsoil OC 
generally present in Tasmanian soils (Cotching et al., 2009). 
 
OC% Calibration   Validation % Within 
Depth (cm)   RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
0-5 mean 3.5 0.88 -0.33 0.93 5.0 0.72 -0.36 0.83 89.6 
stdev 0.3 0.02 0.04 0.01 1.8 0.17 0.38 0.10 1.9 
0-15 mean 3.1 0.90 -0.29 0.95 4.4 0.78 -0.37 0.87 89.2 
stdev 0.3 0.02 0.03 0.01 1.7 0.13 0.30 0.08 2.6 
5-15 mean 3.3 0.89 -0.29 0.94 5.3 0.66 -0.24 0.78 89.1 
 
stdev 0.5 0.03 0.06 0.02 2.4 0.25 0.53 0.18 3.5 
15-30 mean 3.0 0.91 -0.23 0.95 4.4 0.75 -0.19 0.84 88.6 
stdev 0.3 0.02 0.03 0.01 2.3 0.23 0.37 0.15 2.2 
30-60 mean 1.3 0.41 -0.17 0.51 1.4 0.25 -0.18 0.34 89.0 
stdev 0.2 0.18 0.03 0.18 0.8 0.24 0.13 0.22 3.5 
60-100 mean 1.4 0.10 -0.16 0.15 1.2 0.02 -0.15 0.05 89.9 
 
stdev 0.2 0.06 0.02 0.10 0.9 0.03 0.08 0.07 2.4 
100-200 mean 0.9 0.14 -0.10 0.15 0.8 0.09 -0.07 0.16 90.2 
stdev 0.2 0.21 0.02 0.22 0.9 0.06 0.14 0.12 2.6 
 
Table 5-8.  Organic Carbon % Modelling Diagnostics (Averaged k-folds) 
 
In terms of mapping, OC values were dominated by the south-west World Heritage 
Areas (WHA), which, according to Cotching et al. (2009) are known to contain very 
high carbon levels in well-formed peat soils (Organosols (Isbell, 2002).  Maximum 
modelled values were up to 70 % OC in these peats (Figure 5-8); however there were 
very few sites available within these remote areas.  This is a very high figure for the 
organic carbon component, which implies that modelling could be slightly over-
predicting in these areas.  The high OC levels present in the south-west would also 
contribute to the highly acidic topsoil values discussed and observed in section 5.5.4, 
where high rainfall, in conjunction with the high OC peat formation of the area can 
cause a ‘break-down’ of organic matter, with subsequent production of carbonic acid 
resulting in highly acidic soils (Bache et al., 1984). 
The most important covariates in most k-folds were rainfall and terrain-related 
products.  Most depths validated within the 90 % CL with respect to the standard 
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deviation around the averaged k-fold validation percentages. Future work needs to 
identify and map out the peat areas separately. 
 
Figure 5-8.   Surface Organic Carbon % (0 to 5cm) 
 
 
5.5.8 Coarse Fragments Content 
There were 3469 sites available with coarse fragment (CF) class estimates (> 2 mm), 
which were modelled as continuous data.  Modelling diagnostics were moderate, 
producing surface (0 to 5 cm) calibration and validation diagnostics for concordance 
of 0.49 and 0.26 respectively, and RMSE of 1.2 and 1.4.  Subsoil (60 to 100 cm) 
diagnostics were slightly poorer, with RMSE calibration/validation of 1.5 and 1.6 
(Table 5-9). 
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CF% Calibration   Validation % Within 
Depth (cm)   RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
0-5 mean 1.2 0.31 -0.20 0.49 1.4 0.09 -0.21 0.26 88.1 
stdev 0.0 0.05 0.03 0.06 0.1 0.05 0.07 0.08 1.9 
0-15 mean 1.2 0.31 -0.18 0.49 1.4 0.11 -0.17 0.30 88.3 
stdev 0.0 0.04 0.03 0.04 0.1 0.03 0.12 0.05 1.9 
5-15 mean 1.2 0.32 -0.17 0.50 1.4 0.10 -0.15 0.28 87.5 
 
stdev 0.1 0.06 0.04 0.07 0.0 0.03 0.11 0.04 2.3 
15-30 mean 1.3 0.28 -0.19 0.45 1.5 0.09 -0.19 0.26 88.7 
stdev 0.0 0.02 0.02 0.03 0.1 0.03 0.11 0.05 1.7 
30-60 mean 1.4 0.22 -0.25 0.37 1.5 0.06 -0.24 0.19 89.3 
stdev 0.0 0.04 0.05 0.06 0.1 0.03 0.10 0.05 2.8 
60-100 mean 1.5 0.15 -0.36 0.26 1.6 0.04 -0.36 0.12 89.1 
 
stdev 0.0 0.05 0.04 0.07 0.1 0.03 0.16 0.07 3.4 
100-200 mean NA NA NA NA NA NA NA NA NA 
stdev NA NA NA NA NA NA NA NA NA 
 
Table 5-9.  Coarse Fragments Diagnostics (Averaged k-folds) 
Visually, surface maps (once class estimates were stretched to corresponding 
percentage values) showed much higher stone content in the central highlands and 
mountainous areas, most consisting of weathering-resistant Jurassic Dolerite (Figure 
5-9).  The more important explanatory variables were again radiometrics, elevation 
and terrain. 
 
Figure 5-9.  Surface Coarse Fragments (0 to 5cm) 
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5.5.9 Effective Soil Depth 
There were 1149 database sites available with an effective soil depth estimation.  
Moderate modelling diagnostics were achieved, with concordances for 
calibration/validation of 0.45 and 0.30, and RMSE of 43 and 47 cm respectively 
(Table 5-10).   Most k-folds were within the 90 % CL for validation. 
 
Depth (cm) Calibration   Validation % Within 
k-fold no. RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
K1 42.4 0.35 -7.00 0.48 40.5 0.17 -1.84 0.38 0.91 
K2 46.8 0.20 -6.86 0.31 41.0 0.06 -3.29 0.18 0.94 
K3 38.8 0.43 -5.59 0.58 58.2 0.02 -8.38 0.16 0.83 
K4 44.9 0.23 -7.27 0.34 47.4 0.26 -9.61 0.39 0.86 
K5 43.3 0.28 -6.35 0.42 45.4 0.33 -6.13 0.42 0.87 
K6 42.6 0.35 -6.94 0.49 37.0 0.17 -0.49 0.37 0.90 
K7 41.5 0.33 -5.83 0.49 54.9 0.10 -12.83 0.21 0.90 
K8 39.1 0.39 -6.22 0.54 61.7 0.03 -8.37 0.12 0.91 
K9 42.6 0.30 -5.52 0.45 50.7 0.13 -7.90 0.28 0.84 
K10 45 0.26 -6.78 0.37 37.2 0.32 -5.11 0.48 0.93 
MEAN 42.7 0.31 -6.44 0.45 47.4 0.16 -6.39 0.30 0.89 
STDEV 2.51 0.07 0.63 0.09 8.8 0.11 3.78 0.12 0.04 
 
Table 5-10.  Effective Soil Depth Modelling Diagnostics 
 
Visually, mapping showed realistic terrain-related depth, with shallower soils on 
ridge-tops and mountain ranges, with the deepest soils showing as the northern 
Midlands part of the Launceston Tertiary Basin, consisting of deep Tertiary 
sediments (Figure 5-10).  Variable usage by the Cubist RT approach was dominated 
by most terrain derivatives for all k-folds, most notably valley depth and TCI-Low. 
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Figure 5-10.  Effective Soil Depth (cm) 
 
5.5.10 Additional Enterprise Suitability Surfaces 
Additional surfaces were generated for the state-wide ESA; Exchangeable Calcium 0 
to 15cm (exCa), Exchangeable Magnesium 0 to 15cm (exMg), and Depth to Sodic 
Layer (Exchangeable Sodium Percentage (ESP) > 6 % (Kidd et al., 2014b).  For exCa, 
concordances were 0.49 and 0.33 for calibration/validation, 0.61 and 0.35 for depth 
to sodic layer, but slightly poorer, at 0.28 and 0.17 for exMg (Table 5-11).  An 
additional soil drainage index surface was also modelled, as per Kidd et al. (2014a), 
based on the qualitative soil drainage expert-estimate at each site.  Concordance 
was 0.48 and 0.38 for training and validation, and showed good agreement with 
expert knowledge of relative soil-landscape drainage patterns around the state. 
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Calibration   Validation % Within 
Depth (cm)   RMSE R
2
 Bias CC RMSE R
2
 Bias CC 90% CL 
ExCa (0-15cm) mean 6.3 0.32 -0.81 0.49 7.2 0.15 -0.65 0.33 86.7 
(meq/100g) stdev 0.4 0.06 0.15 0.06 1.9 0.09 0.54 0.12 4.4 
ExMg (0-15cm) mean 4.4 0.19 -1.16 0.28 4.7 0.08 -1.17 0.17 90.3 
(meq/100g) stdev 0.2 0.08 0.12 0.11 0.6 0.03 0.46 0.05 2.1 
Depth to Sodic mean 0.2 0.45 -0.03 0.61 0.3 0.15 -0.03 0.35 95.5 
(cm) stdev 0.0 0.02 0.00 0.02 0.0 0.04 0.01 0.05 1.7 
Drainage Index mean 1.0 0.29 0.00 0.48 1.0 0.18 -0.01 0.38 89.3 
(whole profile) stdev 0.0 0.03 0.01 0.03 0.0 0.02 0.05 0.02 1.5 
 
Table 5-11.  Modelling Diagnostics for Exchangeable Calcium, Exchangeable Magnesium, Depth to Sodic Layer 
and Drainage (Averaged k-folds) 
 
5.5.11 Poorly Predicted Soil Attributes 
Depth to Rock and ECEC (effective cation exchange capacity) modelled very poorly, 
with no correlation between the target variables and available covariates; hence 
these surfaces were not released, and will require future research to develop.  These 
soil properties are not required for the current ESA rule-sets for Tasmania. 
5.6 Discussion 
The v1.0 Tasmanian soil attribute maps were developed using an RT modelling 
process that has produced reasonable diagnostics, and realistic mapping in terms of 
topographic variation and extent.  The RT rule-based LOOCV approach (Malone et 
al., 2014) has effectively taken into account the sensitivity of the linear modelling 
approach to the covariate-based conditions, using the variation in modelling due to 
the data variance to develop the upper and lower prediction limits, with 90 % 
confidence.  The k-fold cross validation has also reduced any modelling bias by using 
different parts of the available target data to both calibrate and validate the 
modelling, averaging the outputs to ‘smooth-out’ any extreme model output 
variations due to data ‘outliers’. 
The v1.0 products have been constructed with no initial attempt to test the 
environmental conditions (covariate feature space) that are represented by the 
existing soil attribute datasets, or consider the uncertainties produced due to the 
temporal range of the training data. The effects of land use and management on 
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some soil properties were also not considered due to lack of available data at the 
time of modelling, other than the use of the ‘persistent-greenness’ satellite 
covariate, which effectively showed land-use patterns in some areas. 
5.6.1 Temporal Variability 
The modelling uncertainty due to the temporal range of the training data was most 
apparent as poor modelling diagnostics and high uncertainty ranges for pH and EC in 
the top 30cm of the output surfaces (0 to 5, 5 to 15 and 15 to 30 cm).  The top 30 cm 
is generally more variable for many soil properties (McKenzie et al., 2002), and is 
more prone to the effects of climate and land management inputs than deeper 
subsoil (as most of these impacts are initially at or near the surface); hence, the older 
site data will not be representative of the conditions identified by newer nearby 
sites, introducing additional unexplained variability into the modeling. The subsoil 
diagnostics and uncertainty ranges were better for pH and EC as these soil horizons 
are generally less spatially and temporally variable, and more ‘static’ than the 
surface horizons.  The temporal range of the subsoil training data will therefore be 
less prone to introducing temporal uncertainty into the models. 
Future versions of the products would benefit by introducing a temporal component 
into the modelling, for example, only using soil samples from the past decade, or 
modelling by decade, and comparing model diagnostics to determine whether 
temporal instability is contributing to the unexplained variability.  However, there 
was insufficient data for some soil attributes to provide meaningful training data 
across such a large area, which could be addressed by the targeting and collection of 
new soils data, and the incorporation of recently accessed additional legacy data. 
5.6.2 Expert Validation & Data Release 
All surfaces were assessed within DPIPWE by departmental soil scientists to 
determine whether there was general agreement with historical mapping and state-
wide soil-landscape knowledge. Figure 5-11 shows an example map (Burnie Map 
Sheet (Spanswick and Kidd, 2000)) with polygons generally aligning with surface sand 
%, but also demonstrating the potential ability to identify smaller un-mapped soil 
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association components.  The surfaces are publically available on the soil and 
landscape grid of Australia web portal (www.csiro.au/soil-and-landscape-grid), 
where they can be further appraised by relevant soil-landscape experts around the 
country. 
 
Figure 5-11.  Variations in Surface Sand %, and Correlation with Existing Mapping (Burnie) 
 
5.6.3 Mapping Artefacts 
For some soil property surfaces, especially those strongly explained by rainfall, good 
modelling diagnostics were achieved, but ‘unrealistic’ mapping artefacts produced; 
i.e. a sharp change in the continuous attribute was evident at the boundary of a 
rainfall isohyet.  This was caused by; 
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a) The strongly evident west-east trend in mean annual rainfall 
b) The relatively sharp change in rainfall with respect to distance, due to the 
rain-shadow effects of the central plateau 
c) The strong influence of rainfall on Tasmanian soil formation 
d) The data-partitioning effects of the RT approach 
It was decided to test the modelling by removing the rainfall covariate where these 
artefacts were being produced, for example, soil OC%. However, in this case, 
modelling diagnostics were considerably worse when rainfall was removed.  In an 
attempt to allow the effects of rainfall to be incorporated into the RT DSM, 
covariates were tested which would better explain the target OC% variability due to 
rainfall, but without the isohyet effects, and with better variation with terrain.  The 
index produced by dividing rainfall by dominant prevailing wind (windward-leeward 
(SAGA GIS, 2015)) effects (to accentuate the rain-shadow areas of the state) was 
found to be an important explanatory dataset, and was effectively able to reduce 
mapping anomalies, producing more realistic mapping products showing carbon 
changing by terrain, rather than the rainfall interpolated ‘smooth-curve’ isohyets.   
For clay %, rainfall (as an important covariate for partitioning the RTs) also 
introduced some ‘naturally unrealistic’ mapping artefacts (Figure 5-12), which were 
still evident when using the above rainfall-wind effect index.  By removing rainfall 
altogether as a covariate, these artefacts were eliminated without overly affecting 
the modelling diagnostics (i.e., the model calibration-validation quality was not 
significantly reduced).  For example, the Clay% predictions for 0 to 15cm had a RMSE 
difference of 0.07 % and R2 difference of 0.01 for calibration, and validation 
difference of 0.12 % and 0.01 for RMSE and R2 respectively.  These comparisons 
could be as a result of the incidental rainfall formation influences already inherent 
within the other covariates used (e.g. terrain, persistent greenness and 
radiometrics). 
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Figure 5-12.  Clay Rainfall Artefacts 
 
In similar cases, it is necessary to weigh up the modelling diagnostics and co- variable 
usage against the final mapping appearance.  Un-natural appearing DSM products 
could potentially lose ‘credibility’ with end-users (especially considering the early 
resistance to adoption of this science by the ‘traditional’ soil science community); 
therefore new covariates will need developing which will still capture strong co-
variance, without producing artefacts.  If reasonably strong and comparable 
modelling diagnostics can still be achieved after removing the covariate in question 
while producing more ‘naturally appearing’ mapping, it could be argued that this 
approach is warranted, and that the other soil forming factors are still able to explain 
enough variability.  Another potential solution is to use an alternative modelling 
approach to RT, where the models are continuous and artefacts due to data-
partitioning are minimised. Such artefacts are also discussed in the work of Padarian 
et al. (2014) who suggested a balance between numerical performance, and a visual 
representation without artefacts.  
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5.6.4 Uncertainties 
The model diagnostics reported are averaged across all RT ‘partitions’; therefore 
some areas of the state will have better predictions and lower uncertainties than 
others.  The relative magnitude of the uncertainties produced for the different soil 
attributes at their various depths were reasonable considering the data density and 
spatial spread available.  A benefit of the RT rule-based LOOCV approach is that 
uncertainties can be viewed spatially, so that end-users can determine which parts 
of the landscape have better soil attribute predictions.  For example, Figure 5-13 
shows the uncertainty (upper-lower prediction range) for clay % in the top 5 cm.  The 
mapping shows that higher uncertainties (darker shading, up to 54 %, ie. +/-27 % 
from the predicted value) are evident in some coastal areas (where clay % is general 
lower, and sand % is generally higher), whereas lighter shaded areas have 
uncertainties as low as 12 % (+/- 6 % from the predicted value).  The lower 
uncertainties generally correspond to parts of the state where more soil site data 
exists, as expected.  However, some parts of the state that have low uncertainties 
(such as the central plateau) also have very little site data, implying that there are 
similar environmental (covariate) conditions to the more data-dense parts of the 
state, informing these modelled areas.  Based on these similar conditions, the soil-
attribute modelled relationships are extrapolated into data-poor areas, similar to the 
‘homosoil’ concept of extrapolating soil properties on a global scale (Mallavan et al., 
2010).   
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Figure 5-13.  Surface Clay % (0 to 5cm) uncertainties 
 
There would also be inherent uncertainties in each of the PTFs, as well as the MIR 
calibrations, which were not considered as part of the v1.0 mapping.  For future 
(v1.0+) surfaces, these will be incorporated into the spatial modelling uncertainties 
for each of the contributing attributes by applying the PTFs or MIR calibration 
prediction limits to a normally-constrained sample of each of the prediction ranges 
for each soil attribute, then averaging the outputs.  
The uncertainty mapping can provide a tool for targeting future soil sampling 
exercises whereby areas of high uncertainty could be prioritised for sampling if also 
environmentally or agriculturally important.   However, the spatial distribution of 
existing site density should also be considered, ensuring that the entire Tasmanian 
covariate feature space is well represented (as per Brungard & Boettinger (2010); 
Chapter 2), and that data-poor areas with low-uncertainties are also tested for 
validation, and future refinement of models if necessary. 
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Although some of the v1.0 products can have relatively high uncertainties in some 
data poor areas, a high uncertainty (in terms of a raster cell having a relatively large 
difference between the upper and lower PI) can still be useful for environmental 
modelling or digital soil assessments (Carré et al., 2007a), depending where the 
threshold of interest occurs within the confidence limits.  If a threshold value is 
outside the PI range, the end-user can have good confidence (90 % in this case) that 
the value is higher or lower than the PI range.  However, situations where a 
threshold value occurs around the predicted value (between the upper and lower PI) 
will introduce a higher level of uncertainty into the end product. 
There has been much discussion regarding the development of standard approaches 
for generating estimates of uncertainty within the DSM and GlobalSoilMap 
community (Heuvelink, 2013).   As such, there is continued testing and research still 
required within this important element of DSM. The RT rule-based uncertainty 
approach used for the development of v1.0 Tasmanian products is a preliminary 
attempt at developing meaningful uncertainty estimates for Tasmanian soil attribute 
spatial variability, which will also be tested and refined during future version 
modelling. 
5.6.5 Soil Analyses and Predictions 
All database analytical data was assessed to ensure the methodology and units were 
comparable.  The cumulative distribution of the datasets was also assessed to 
identify and remove obvious data errors.  For soil OC, all available data used were 
analysed by the ‘Walkley-Black’ extraction method (Walkley and Black, 1934), or MIR 
prediction calibrated by this analytical measurement type (as per Chapter 4).  
However, the ‘Walkley-Black’ method has been shown to under-predict the OC soil 
fraction, especially in higher concentrations in Tasmanian soils (McDonald et al., 
2009).  This indicates that potential OC could be under-estimated for many of the 
Tasmanian forest sites at these locations, resulting in underestimation of spatial 
predictions; however modelling could be over-predicting OC in peat areas as 
observed with the high values (> 60 %) obtained in the south-west WHA landscapes.  
It would therefore be advantageous to delineate the peat areas and model them 
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separately to minerals soils as the environmental factors affecting OC in peat and 
mineral soils are different.  No correction factors were applied to compensate for the 
under-prediction of OC where Walkley-Black was the methodology; future versions 
of the DSM products would benefit from the incorporation of newly collected OC 
analyses using dry combustion-method, while using PTFs to convert the Walkley-
Black OC (De Vos et al., 2007) data to dry combustion methods such as LECO (Wang 
and Anderson, 1998).  
5.6.6 Qualitative Estimates 
Although most of the surfaces generated were based on quantitative measurements 
of soil properties, several soil properties, such as depth-related estimates, CF, and 
drainage relied upon qualitative descriptive data.  This was necessary due to 
inadequate data existing with direct measurements such as hydraulic conductivity 
and stone-counts.  Despite this, the qualitative integration of expert-based field 
estimates, even though from a variety of sources, produced reasonable modelling 
diagnostics and meaningful and realistic spatial variation in terms of soil-landscape 
relationships.  While not necessarily linear in relationship, the CF and drainage 
ordinal classes can be effectively captured as a continuous surface index using the RT 
approach, as demonstrated by Kidd et al. (2014a), with reasonable validation 
demonstrating that the modelling can effectively account for any non-linearity.  
Applying the non-linear stretch of the CF % ranges to the ‘indexed-class’ values also 
produced meaningful patterns of CF abundance (as discussed in  the Results 
Section), however further validation could benefit from actual stone-count % values 
and testing within the 90 % CL. 
5.6.7 Regional vs National vs Global DSM 
The regional Tasmanian v1.0 surfaces have been modelled over a different range and 
distribution of soil properties and covariate soil forming factors to the national TERN 
products, and should therefore show different spatial detail and PI values.  All 
covariates were generated as regional Tasmanian products, and would potentially 
have different values to the national covariates since many terrain derivatives are 
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produced in relative or index-terms, stretched over the differences and distributions 
of elevation found within Tasmania.  The differences in local vs national range of 
each target variable could also potentially influence model-formulation; local DSM 
products could have the advantage of forming models within the local range of 
conditions, and consequently show more local variability.  However, national models 
could have the advantage of extrapolation of additional soil training data in similar 
environmental conditions, for example, the lack of organic carbon data in Tasmania’s 
south-west peat areas could be better informed by the additional carbon site data 
elsewhere in similar parts of the country.  Further research would inform whether 
the national and local products would each benefit from splitting the country into 
stratified environmental zones, for example, Tasmania and Victoria, and re-running 
the point-driven DSM process within the more homogeneous environments. 
National surfaces for clay % tend to over-predict in the State’s west when considered 
with respect to expert knowledge (Cotching et al., 2009), and regionally-derived 
(Tasmanian) v1.0 DSM.  Figure 5-14 shows a comparison of the Tasmanian v1.0 clay 
% (0 to 5 cm) against the corresponding Nationally-derived surfaces (Viscarra Rossel 
et al., 2015) and the global 1 km-resolution soil grids (Hengl et al., 2014) for an area 
in the north of the state, highlighted with analytical hill-shading (SAGA GIS, 2015).  
The National (Continental) surfaces show the higher predictions of clay content in 
the west of this area, while the Tasmanian Regional map sample shows greater 
spatial detail, and lower clay % on steeper slopes and ridge-tops, as consistent with 
the high rainfall of the area and consequential catena processes of clay eluviation.   
These western areas are also higher in surface organic carbon content, consisting of 
peat soils, and therefore low clay % (as per Figure 5-8), and higher sand % in granitic 
areas (Figure 5-5), shown as a discrete area of very low surface clay content in the 
north-west of the regional clay map (Figure 5-14). 
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Figure 5-14.  Tasmanian, National and Global Clay % 
 
The global grids, as expected with 1 km resolution, show the least amount of spatial 
detail, and several mapping artefacts.  The general clay content magnitude for the 
regional surface is similar to the Continental surface in the east of the area, but more 
consistent with the global clay content magnitude in the west.  Figure 5-15 shows a 
histogram comparison and statistics between the three extents of modelling. 
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Figure 5-15.  Frequency Distribution - Global, Continental and Regional Clay % (0 to 5cm) 
 
This shows that the regional modelling has a generally lower mean of clay content, 
whereas the continental and global models are generally higher; although median 
values are all relatively close (22, 29 and 25 % respectively).  The global model also 
has the lowest standard deviation and range, which would be consistent with the 
lack of local-scaled detail per unit area, and is less ‘smooth’ in distribution curve, 
indicating the prominence of mapping artefacts with sharp changes in clay content 
between some areas.  Figure 5-16 shows a linear regression comparison between 
the regional and continental modelling. 
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Figure 5-16.  Linear Comparison - Regional vs Continental Clay % 
 
This demonstrates a poor comparable fit between the two modelled surfaces (R2 = 
0.09), while the regression line (red), being well below the 45o line of concordance 
(green) (Lin, 1989), demonstrates the higher clay predictions of the continental 
modelling.  Figure 5-17 shows the linear fit between the regional and global models, 
which has slightly worse agreement (R-squared = 0.05), and also demonstrates the 
lower clay content predictions in comparison to the continental model. 
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Figure 5-17. Linear Comparison - Regional vs Global Clay % 
 
These comparisons show the potential advantages of modelling with locally-derived 
covariates across regional ranges, with greater spatial detail possible, and more 
realistic predictions. 
5.6.8 Future Work 
5.6.8.1 Legacy Data 
The v1.0 Tasmanian surfaces are considered the genesis of an evolving product, with 
modelling code written to automate the addition of site and covariate data.  DPIPWE 
have undertaken a substantial effort in identifying, digitising and cleaning a wide 
range of legacy soil data from a variety of historical sources, targeting good quality 
analytical data, and areas with a paucity of good site data.  To date, approximately 
3,500 sites of varying quality have been identified, and will be integrated into new 
DSM model re-runs (v1.0+) as this data is processed.  It is hoped that comparing 
newly created v1.0+ surfaces against v1.0 surfaces, in terms of mapping differences, 
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uncertainties and model diagnostics, will clearly demonstrate the value of additional 
data and potentially stimulate further investment in collecting new soils data. 
5.6.8.2 Covariates 
The integration of the radiometrics and geology was shown to be an important 
predictor in many soil properties and demonstrates the importance of good 
remotely-sensed data, especially related to parent material.  Future work will also 
explore the development and integration of improved covariate layers, including 
potential LIDAR elevation models and multi-spectral satellite imagery and 
derivatives.  Incorporation of fractional groundcover (FGC) (Muir, 2011) and 
fractional dynamic land cover (Armston et al., 2009) covariates would also be 
beneficial at quantifying potential spatial variations in soil properties, and as an 
additional explanatory variable for explaining impacts of land use to soil attributes.  
Testing will also be undertaken to determine whether currently used modelling hard-
ware infrastructure could cope with producing the products at 1 arc-second (30 m) 
resolution, or alternatively, building the RT models with 30 m covariates to increase 
the chances of applying an accurate covariate value allocation at each point, but 
applying the model to the 80 m covariates to reduce processing time. 
5.6.8.3 Modelling 
As mentioned as a possible solution to reducing mapping artefacts, alternative 
modelling approaches will also be tested, however, RT (Cubist) is strongly favoured 
due to the interpretive benefits and transparent outputs.   End-users can clearly see 
how each covariate contributed to the modelled soil attributes, and better 
understand the soil-forming soil-landscape processes occurring in different parts of 
the environment.  This is lacking in approaches such as artificial-neural-networks in 
soil property prediction (Zhao et al., 2009)) and random-forests (Liaw and Wiener, 
2002), where model outputs are less easily interpreted. 
Another potential approach is to test the disaggregation of land systems mapping, 
the only state-wide polygon product available in some areas, which could be split 
into minor spatial components of modal soil properties using an approach consistent 
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with the DSMART methodology developed by Odgers et al. (2014).  A model-
ensemble approach could be integrated to average the disaggregation outputs with 
the point-source DSM modelling, to potentially better inform areas with no or little 
soil site data, which has been beneficial elsewhere (Malone et al., 2014). 
The predictive approach used for the v1.0 surfaces fitted models to each standard 
depth separately (following Arrouays et al. (2014b)), and are considered 3D in that 
there are spatial soil attribute predictions across the state through all standard  
depths to 2 m.    
5.6.8.4 Sampling 
As an example of how the uncertainties could be used to help guide future sampling, 
Figure 5-18 shows the combined uncertainty values for several important soil 
attributes for an ESA in the Great Forester-Brid Irrigation Scheme, in the north-east 
Tasmania.  Surface (0 to 5 cm) and subsoil (60 to 100 cm) uncertainty ranges for pH, 
Clay %, ECse and CF were calculated by subtracting the lower PI from the upper PI 
values, then standardised to a range of 0 to 100 to give an indication of relative error 
across both topsoil and subsoil predictions.  Values were then averaged to provide 
an indication of where in the landscape uncertainties were highest for more soil 
attributes.  Figure 5-18 shows that generally in lower elevations, corresponding to 
coastal plains and dissected valley systems (Quaternary alluvium), uncertainties are 
larger than on the upper slopes around Scottsdale.  This would be due in part to 
these areas often containing extreme prediction values, that is low clay, low CF, high 
pH, and high EC, as well as low site data density.  Future sampling for this scheme 
would target these higher uncertainty areas as a priority; ensuring that sampling was 
representative of the covariate feature space, but constrained with respect to the 
uncertainties and distribution of the existing site data, e.g. Conditioned Latin 
hypercube sampling (Minasny and McBratney, 2006a; Minasny and McBratney, 
2006b), constrained (Roudier et al., 2012; Clifford et al., 2014) to high uncertainty 
areas.  Clustering of covariates for a stratified-random approach, taking into account 
the covariate distribution of the existing site data in conjunction with higher 
uncertainties, would be another approach, as per Kidd et al. (2015).   
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Standardised uncertainties could be averaged across all depths and all soil attributes 
to guide a sampling campaign aimed at improving the v1.0 products across all areas 
and attributes, taking into account to the existing sites present in the new sampling 
area. 
 
 
Figure 5-18.  Sampling scenario based on uncertainties 
 
5.6.9 Initial Uses 
After acknowledging the limitations of some areas and attributes of the v1.0 DSM 
surfaces, some products have already been requested and incorporated into various 
environmental or agricultural modelling scenarios.  For example, the clay % (< 30 %) 
and drainage surfaces (<= imperfect) were used to exclude areas of high ‘pugging’ 
risk (soil structural damage from cattle in wet conditions), and rye-grass suitability 
modelled using Tasmanian ESA rule-sets (Kidd et al., 2014b) to identify areas suitable 
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for ‘winter-finishing’ (additional ‘fattening’ by grazing further into winter months) of 
beef cattle in Tasmania (Davey, 2014), (Figure 5-19). 
 
 
Figure 5-19.  Areas of Low Pugging-Risk and Rye Grass Suitability for Beef Winter-finishing 
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Importantly, the v1.0 surfaces provide consistent inputs to environmental modelling 
and assessment in areas outside the legacy soil-mapped areas that was previously 
not available (without relying on conceptual land systems); with the additional 
benefit of providing uncertainty estimates.  They are a first attempt at developing a 
quantitative spatial soil attribute product for all of Tasmania.   While it is 
acknowledged that the v1.0 products should be improved with the addition of 
appropriate soil and covariate data, they are considered an important foundational 
soil infrastructure dataset for the state that quantifies where soil information 
uncertainty is highest, which can guide future investment in data capture. 
5.7 Conclusions 
The v1.0 digital soil maps of soil attributes and uncertainties produced for Tasmania 
are an important first step in developing a comprehensive soil infrastructure to 
deliver quantitative soil attribute predictions and modelled uncertainties at a useful 
resolution for farm enterprise and environmental planning.  Most soil surfaces were 
produced with acceptable modelling diagnostics and uncertainty ranges, delivering 
realistic soil-landscape spatial patterns extrapolated into un-sampled areas.  The 
maps have been produced to allow continuous improvements, with models that 
have been automated to accept newly collected soil data and covariates to generate 
new versions as required, which should improve diagnostics and uncertainties in 
some areas.  It is the first attempt at quantifying the soil properties of Tasmania 
based on existing data, which will help guide future investment in soil data collection 
and provide consistent soil attribute data with uncertainties to environmental 
modelling and assessment activities. 
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Digital Soil Assessment of Agricultural Suitability, Versatility and 
Capital in Tasmania, Australia 
6.1 Abstract 
Following the state-wide DSM described in Chapter 5, using a combination of newly 
collected and legacy soil data and a suite of spatial explanatory covariates, a total of 
218 3D soil attribute grids at 80 m resolution were produced using the digital 
mapping approach, together with quantified prediction uncertainties. These grids 
have contributed to the Soil and Landscape Grid of Australia 
(http://www.clw.csiro.au/aclep/soilandlandscapegrid/) and the GlobalSoilMap 
(http://www.globalsoilmap.net/) projects.  Using a similar approach, functional 
climate grids were generated for chill-hours, growing degree-days and frost risk.  The 
digital soil and climate grids were applied to pre-defined enterprise suitability 
rulesets to produce 20 different maps of enterprise suitability, including opium 
poppies, and a range of perennial horticultural, cereal and vegetable crops, uploaded 
to a publically accessible spatial internet portal 
(http://maps.thelist.tas.gov.au/listmap/app/list/map), which includes functionality 
to identify soil and climate limitations, as an indication of potential land 
management inputs.  The suitability surfaces provide a regional indication of 
potential areas to expand or diversify into a range of cropping enterprises. Some 
informative supplementary products were also developed to provide an overall 
spatial guide to the more versatile agricultural areas.  This included an enterprise 
versatility index (by combining all suitability surfaces to identify areas more suited to 
more enterprises); and application of individual commodity ‘financial gross-margins’ 
to identify the highest-valued agricultural land in terms of earning potential.  These 
products demonstrate the utility of functional soil property grids and the collective 
capacity of DSA to answer questions of agricultural potential; this can ensure the 
appropriate land is targeted for appropriate uses to stimulate agricultural markets 
and maintain food security. 
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6.2 Introduction 
Digital Soil Assessment (DSA) is the application of interpretations to digital soil 
mapping (DSM).  DSM products, now largely accepted by mainstream soil science 
(Carré et al., 2007), are progressively being used for a variety of purposes to answer 
soil productivity and environmental assessments across a range of scales; locally, 
regionally and globally (Hartemink, 2015), including environmental processes and 
agricultural suitability (Harms et al., 2015).  This is achieved through applying 
interpretations to functional DSM grids, and integrating with appropriate biophysical 
data such as vegetation, climate and terrain for quantitative decision making and 
support (McBratney et al., 2012); this process is referred to as digital soil assessment 
(DSA) (Carré et al., 2007).  Finke (2012) surmised that DSM has reached an 
acceptable level of scientific maturity for the focus to now shift to DSA, and further 
into soil security and quality (McBratney et al., 2012; McBratney et al., 2014).  This 
was further demonstrated through the successful completion of the DSA pilot 
project described in Chapters 2, 3 and 4; the DSA in the form of the land suitability 
assessment was applied to the entire State DSM described in Chapter 5. 
The aims of this chapter therefore are to present a regional DSA for the whole of 
Tasmania for enterprise suitability assessment, and development of some 
preliminary spatial products to inform agricultural versatility and capital.  The 
structure is as follows: first, review the operational DSA undertaken in the two pilot 
areas; describe how the pilot DSA approach was expanded using the soil and climate 
data collected in the pilot phase, and integrated with legacy soil data to generate 
state wide DSM surfaces to inform an Enterprise Suitability Assessment (ESA) for the 
whole State of Tasmania, for 20 different enterprises; describe, present and discuss 
state-wide maps produced for agricultural versatility and spatial gross-margins 
estimates; and examine the pros and cons of the suitability framework, and how this 
could be improved with a future sampling campaign. 
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6.3 Operational DSA  
DSA was proposed by Carré et al. (2007) for  assessing threats to soil (resulting in 
land degradation) and functions of soil, such as biophysical interactions, production 
and biodiversity, where DSM is a precursor to DSA.  Therefore, DSA can be used to 
for identifying environmental risks and for land evaluation, such as agricultural land 
suitability for various crops, and integrated with other environmental or socio-
economic data for tailored end-user requirements (Carré et al., 2007). 
Tasmania is undergoing a period of agricultural expansion and investment into 
irrigation.  As at June 2015, 19 irrigation schemes had been commissioned in 
addition to existing irrigation areas, funded by a combination of Federal, State and 
private investment; of these, 11 are now operational, 2 under-construction, and the 
remainder at the planning stage (Tasmanian Irrigation, 2015).  In 2015, the 
Tasmanian Government launched the new ‘Water for Profit’ program (DPIPWE, 
2015d), providing irrigation and cropping decision support tools through the 
provision of state-wide DSM (Chapter 5) and climate modelling, and the expansion of 
the pilot enterprise suitability assessment for 20 enterprises (Chapter 4), to cover all 
irrigation and dryland agricultural areas at 80 m resolution.  The 20 enterprises were 
those from the pilot project, as described in Chapter 4. 
 
barley; blueberries; carrot seed; carrots; cherries; hazelnuts; industrial hemp; 
linseed; lucerne; olives; onions; poppies; potatoes; pyrethrum; raspberries; rye 
grass for dairy; strawberries; wheat and wine grapes (pinot noir and chardonnay). 
 
The term ‘enterprise’ was chosen over more commonly applied land use type (or 
land utilisation type) (FAO, 1976) due to the level of management inferred for each 
crop, identified by the parameter ranges of each rule-set. The basis the suitability 
framework provides a query-enabled list of limiting factors through DSM, identified 
to guide the management practices that could help overcome the limitations. In 
addition, market tools, financial modules, irrigation case studies and fact sheets 
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were also developed (DPIPWE, 2015c; DPIPWE, 2015d), which all infer that each land 
utilisation type should be considered in conjunction with the underpinning 
management requirements to manage limitations for an enterprise to become 
successful (profitable).  The limitations requiring management were identified 
through the series of fact sheets; in addition, a ‘default’ or typical management was 
developed by industry and TIA for the purposes of identifying the suitability 
assessment parameters, and to provide the basis of the cropping gross-margins 
analysis.  Finally, the term ‘enterprise’ was applied by the Tasmanian Government to 
the programme to identify each land use type as a business consideration, and is 
used throughout this chapter to maintain consistency. 
To provide additional economic considerations, Gross-margins economic data for 
each enterprise was developed by DPIPWE into a set of Gross Margins Analysis Tools 
(GMAT) to assist business planning, to be used in addition to consideration of the 
ESA mapping (DPIPWE, 2015b). Gross margins basically provide estimates of the 
expected monetary returns from the sale of produce after taking into account the 
economic variables associated with production.    The Gross margins values were 
applied to each crop, with decreasing values applied to each enterprise suitability 
rating below ‘well-suited’ to produce a potential gross-margin map for each 
enterprise.  These maps were combined to determine the areas more suited to high-
valued crops. 
A heuristic integration of all 20 state-wide ESA grids was undertaken as a first 
attempt to identify specific areas of the State that were suited to more enterprises 
than other areas.  The resultant DSA product was referred to as an ‘Enterprise 
Versatility Index’ (EVI), which showed the areas that were capable of supporting a 
wider range of specific project enterprises, but considered different from the 
conventional definition of land capability (which generally refers to the potential for 
the land to support a wide range of agricultural practices (Klingebiel and 
Montgomery, 1961)) in that the EVI was specifically assessed in consideration of the 
20 different program enterprises.  The suitability maps are considered valuable in 
that they spatially depict areas likely to be appropriate for development or 
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intensification, depending on proximity to infrastructure.  However, when combined, 
as per the EVI, or integrated spatially with economic potential gross-margin data, 
more powerful DSA interpretations and decision-support tools become possible, 
which provides a framework for initial identification of high-value agricultural land.  
The EVI and GM mapping were initially developed to identify general areas that 
could be targeted for new soil sampling to improve DSM, new enterprises, or 
intensification and diversification into existing irrigated land, stimulating the uptake 
of water licence allocations, and to support and encourage regional prosperity in the 
Tasmanian agricultural sector.  The mapping could also guide policy, and be used to 
inform the updating of legacy land capability mapping, used for the protection of 
agricultural land in Tasmania (Grose, 1999a; Grose, 1999b). 
6.4 Method 
The DSM methodology, uncertainties and final surfaces, along with a brief overview 
of the Tasmanian climate, soils and land uses are described in detail in Chapter 5, 
and follows the operational framework presented in Chapter 4. 
6.4.1 Climate Suitability Parameters 
As described in the Chapter 4 pilot project, climate suitability inputs, such as frost-
risk, chill-hours and growing-degree days were spatially derived for the whole State 
using an array of 270 temperature sensors (optimally located using clustered terrain 
covariates to ensure coverage of the covariate feature space, as per Kidd et al. 
(2015a) and Webb et al. (2015), which were calibrated to grids generated from 
historical Bureau of Meteorology weather stations using least squares regression, 
then spatially modelled using terrain derivatives as explanatory spatial variables.  
Frost-risk was defined by industry-based temperature thresholds in critical 
phenological periods, for example, the probability of having at least one day below 
2
o
 C at flowering.  Chill-hours was also industry-defined as hourly low temperature 
accumulations that satisfy phenological chilling requirements for certain crops 
(Linvill, 1990); similarly, growing-degree days were defined as daily accumulation of 
sufficient temperatures to satisfy a crop’s growth demands (Neild and Seeley, 1977). 
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The climate modelling method and outputs are fully described and presented in 
Webb et al. (2014; 2015).  
6.4.2 Enterprise Suitability Rulesets 
Enterprise suitability rulesets form the framework for the initial DSA; that is, applying 
interpretations to the DSM outputs.  The rulesets were produced for 20 previously 
listed enterprises by TIA, using a combination of research trials, available literature, 
and workshop-consensus reached by industry experts and agronomists (DPIPWE, 
2015a; Kidd et al., 2014).  Rulesets define the different soil property and climate 
variable ranges that constitute a degree of suitability for each enterprise (crop).  A 4-
class system for suitability (comparable to the FAO suggested 5-class system (FAO, 
1976; Manna et al., 2009) is as follows: 
• Well Suited – No limitations to productivity 
• Suited – Minor limitations to productivity 
• Marginally Suited – Moderate limitations to productivity 
• Unsuited – Severe limitations to productivity 
where limitations denote physical soil, climate and terrain constraints to enterprise 
productivity.  The FAO (1976) 5-class system includes an additional class where the 
land is considered as unsuited, but with the potential to become suited with some 
form of improvement.  The 4-class system was chosen instead, as the entire ESA 
framework is based around the implications of management, where even the 
unsuited class could become more suitable with effective management.  
For the suitability analysis, the suitability rule-sets were applied to produce a 
suitability rating for each soil and climate property.  The overall suitability rating for 
the output DSA mapping used a most-limiting-factor approach, where the lowest 
rated parameter becomes the overall suitability rating, as per Klingebiel and 
Montgomery (1961).  For the purposes of this chapter, demonstration examples of 
one tree-crop (hazelnuts) and one vegetable-crop (potatoes) are used.  A sample 
suitability ruleset for Hazelnuts is shown in Table 6-1. 
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Suitability 
Class 
Soil 
Depth 
(cm) 
pH 
(0-15cm) 
EC (ds/m) 
(0-15cm) 
Clay % 
(0– 15cm) 
Soil 
Drainage 
Class 
Stone % 
(>20cm) 
(0-15cm) 
Frost  
0 days 
< -6
o
C, 
June, 
July, 
August 
Mean 
Month 
Tmax, 
Jan to 
Feb (
o
C) 
Rainfall
Mean 
March 
(mm) 
 
Chill 
hours 
0-7
o
 C 
(Apr-Aug 
inclusive) 
Well 
Suited 
>50 >6.5 <0.15 10–30 Well to 
Moderately 
well 
<10 4/5 
years 
20-30 <50 >1200 
Suited 40-50 5.5-6.5 <0.15 30-50 Imperfect 10-20 3/5 to 
4/5 
years 
30-33 or 
18-20 
<50 600 -1200 
Marginally 
Suited 
30-40 6.5-7.1 <0.15 30-50 Imperfect 10-20 2/5 to 
3/5 
years 
33-35
o
C <50 600 -1200 
Unsuited <30 <5.5 or 
>7.1 
>0.15 >50 or 
<10 
Poor to Very 
poor 
>20 <2/5 
years 
>35
 
or 
<18 
>50 <600 
 
Table 6-1.  Suitability Ruleset – Hazelnuts 
 
The rulesets for hazelnuts (Corylus avellana L.) include soil parameter ranges (depth, 
pH, EC, clay %, drainage and stone %), the tolerances for extreme frost events during 
winter months, optimum monthly maximum temperature ranges in January or 
February, chill hours (between April and August, to ensure cold enough conditions to 
optimise nut production), and < 50 mm of mean rainfall in March (to avoid damage 
and deterioration of kernels at harvest) (DPIPWE, 2015b). 
As an example of a vegetable-cropping enterprise, the rulesets for potatoes 
(Solanum tuberosum L.) are shown in Table 6-2. 
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Suitability 
class 
Depth 
to heavy 
clay (cm) 
pH 
(0-15cm)  
ECse 
(0-15cm) 
Clay % 
(0-15cm) 
Soil  
Drainage 
 Class 
Stone % 
(>6cm) 
(0-15cm) 
Slope 
(%) 
Temperature  
(> 0 days Nov 
 to Feb  with  
Tmin < 0
o
C) 
Temperature  
(> 0 days Nov 
 to Feb with  
Tmin > 20
o
C) 
Well 
Suited 
 >25 >5.0 <1.2 >25 Well <2 <10 <1 year in 5 
<1 year in 5 
Suited >25 >5.0 1.2-2.0 >5 
Excessive;  
Mod Well 
2-10 10-25 1/5 to 2/5 
1/5 to 2/5 
Marginally 
Suited 
15-25 >5.0 2.0-4.0 <5 Imperfect 10-20 10 -25 2/5 to 3/5 
>2/5 
Unsuited <15 <5.0 >4.0 <5 
Poor to 
 very poor 
>20 >25 >3/5 
>3/5 
 
Table 6-2. Suitability Ruleset - Potatoes 
 
The rulesets for potatoes include soil parameter ranges that affect productivity (pH, 
ECse, clay %, drainage and stone content).  Temperature parameters for the 
occurrence of extreme minimum temperatures between the end of November to the 
end of February are the only climatic requirements to ensure optimum productivity.  
Low stone content is important for seed-bed preparation, harvesting rates, and 
machinery damage, while the slope limitations are necessary for consideration of soil 
erosion, machinery use and safety (DPIPWE, 2015e). 
A further 18 ESA rulesets are available for the remaining enterprises, using 
comparable soil and climate parameters.  The suitability rulesets were applied for all 
20 enterprises to each individual pixel as a raster-stack of each soil property and 
climate parameter value, with the suitability class of each parameter then attached 
to each pixel as a text file.  The overall suitability rating was determined for each 
pixel as the lowest suitability rating, however the underlying soil and climate 
properties were retained as individual parameter suitability ratings to provide 
identification of the associated biophysical limitations to cropping.   
6.4.3 Enterprise Versatility 
A heuristic approach was used to spatially identify the areas of the state that are 
suited for a diversity of enterprises, (the most agriculturally versatile), where each of 
the 20 digital ESA surfaces were added together, presuming the nominal scale as 
linear.  Each suitability class was assigned a numerical value, where; 
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‘Well-Suited’ = 4, ‘Suited’ = 3, ‘Marginally-Suited’ = 2, and ‘Unsuited’ = 1 
 
The additive grids for all 20 ESA surfaces would therefore have a range between 20 
(implying a pixel is unsuited to all enterprises), to a maximum of 80 (implying a pixel 
is well-suited to all enterprises).  The resultant map is a raster ‘index’ with a 
minimum-maximum stretch from 20 to 80, and is referred to here as the ‘Enterprise 
Versatility Index’ (EVI).  This approach was used as a preliminary exercise to 
demonstrate the capacity of rasterised DSM and resultant DSA products into land 
use versatility analysis; this pragmatic approach was also used as it could be easily 
comprehended by end users as a product specifically tailored to the 20 enterprises 
considered under the WfP program. 
6.4.4 Spatialisation of Enterprise-specific Gross-Margins 
A superior approach for assessing versatility can be achieved when spatially 
incorporating economic analysis into the overall land evaluation.  To further refine 
the EVI and express economic potential, gross-margins (GM) analysis for each 
individual enterprise was applied to the ESA outputs to provide an indication of the 
potentially highest-earning, or most-valued land.  GM data was developed as an 
official agency-based economic analyses (DPIPWE, 2015b), using the latest 
information for each enterprise in terms of management costs and achievable 
market prices, considering a typical, or default management regime. For example, 
hazelnut economic considerations included; nutrient inputs and liming application; 
pesticide application; grass maintenance; labour; harvesting; processing; and energy 
costs. Potato gross-margins considered; nutrient inputs; pesticides; irrigation; 
cultivation; planting; labour; harvesting; energy; levies; processing and cartage.  The 
GM tools enabled users to manually adjust different management inputs, soils and 
climate variables, with the ‘typical’ GM displayed using default settings, for typical 
management, soils and climate ranges in the state.  A simple approach was initially 
used that applied the ‘typical’ GM directly to the digital ESA grids, where the 
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proportion of the allocated GM was applied to each pixel, for each enterprise, based 
on the ESA rating, such that; 
 
‘Well-suited’ = 1.0 x GMi, ‘Suited’ = 0.75 x GMi, ‘Marginally-suited’ = 0.50 x GMi, 
and Unsuited = 0 x GMi, and i = each enterprise 
 
This was also a heuristic rule that presumed a high suitability rating for an enterprise 
infers fewer management inputs would be required (in terms of soils and climate), 
with greater potential to achieve high yields and full GM.  Inversely, lower classed 
suitability areas would require greater management inputs to realise adequate 
productivity, lowering GM potential due to the costs involved in such management, 
or lower yields.  Based on the general potential to achieve full GM centred on the 
ESA rating, GM maps were produced for 19 enterprises, (GM analysis for industrial 
hemp was not available at the time of publishing).  The 19 individual GM maps were 
then combined by taking the median GM from each intersected pixel to produce a 
‘median potential GM’ (MPGM) map for the state, where potential is with respect to 
all enterprises that could be undertaken.  The median value was chosen due to the 
large differences between high value GM crops such as strawberries  
($66,416 AUD ha-1yr-1), compared to broad-acre commodities such as barley  
($780 AUD ha-1yr-1).  GM analysis provided estimates for both higher rainfall areas  
(> 700 mmyr-1), and lower rainfall areas (< 700 mm yr-1) to account for irrigation 
costs, which were applied to the spatial enterprise GM map calculations accordingly.  
Table 6-3 shows the GM values for each enterprise, considering high rainfall, average 
market conditions, and most common management applications. 
Enterprise 
Gross Margins 
($AUD/ha/yr) 
barley  780 
blueberry 25,112 
carrot  4,870 
carrot seed  6,920 
cherry  16,116 
hazel  3,042 
hemp  NA 
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linseed  590 
lucerne  1,350 
olives  4,054 
onions  3,110 
poppy  2,830 
potato  6,150 
pyrethrum  2,150 
raspberry  25,541 
ryegrass  2,621 
strawberry  66,416 
wheat  1,570 
wine grapes 
(sparkling)  6,262 
wine grapes (table) 6,262 
 
Table 6-3.  Gross Margins by Enterprise (DPIPWE, 2015b) 
 
At the time of publishing, the value of the GM data was presented in Australian 
dollars ($AUD), where $1 AUD = $0.77 USD = $0.69 EUR.  Potential GM analysis of 
availability and distance to markets were outside the scope of this DSA example, and 
not included. 
For expensive-to-establish enterprises, as per the perennial horticultural crops such 
as hazelnuts, these costs will affect profitability and therefore GM over many years 
until fully established.  Example establishment cost are for deep-ripping, tree-stock, 
irrigation systems, and drainage infrastructure. For the purposes of this DSA 
example, the MPGM mapping was considered as ‘once established’, that is, potential 
earnings for fully matured and productive systems.  It is therefore difficult to provide 
direct comparisons against broad-acre cropping with much lower establishment 
costs.  A better measure that incorporates establishment and direct future 
comparisons between enterprises would incorporate Net Present Value (NPV) 
(Rossiter, 1995),  which takes into account establishment, inflation, interest rates 
and net returns over a given period; however, comparisons become difficult to 
implement of crops with different temporal outlooks.  NPV effectively compares the 
present day value against a future point in time and will be spatially tested in future 
iterations.  
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The framework is summarised in Figure 6-1 as a schematic of the different steps 
involved in the entire DSA. 
 
 
Figure 6-1.  Digital Soil Assessment Process 
 
6.5 Results and Observations 
 
6.5.1 Suitability Mapping – Hazelnuts and Potatoes 
Figure 6-2 shows the ESA map for hazelnuts, based on v1.0 DSM outputs (Kidd et al., 
2015b), Chapter 5.  The map is tenure-independent, meaning that all land (public 
and private) is included in the analysis. 
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Figure 6-2. Suitability Map - Hazelnuts 
   
Certain land tenures, such as World-Heritage listed conservation areas (WHA), 
reserves, or conservation covenants, predominantly in the south-west of Tasmania, 
are prohibited for agricultural development; however, they are included in this 
spatial analysis in order to demonstrate the proportion of conservation area that is 
not suited to agriculture.  The mapping shows that large areas of the state are 
suited, but not well-suited, to hazelnuts, predominantly in the agricultural zones of 
the state across the north and central midlands.  Figure 6-3 shows the graphical 
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proportions of the ESA input parameters as a percentage of total state area (68,401 
km²).  The graphs shows that most soil and climate parameters are suited to 
hazelnut production, with the exception of pH, with over 60 % classed as ‘unsuited’, 
and over 70 % unsuited due to excessive rainfall in March. 
 
 
Figure 6-3. Parameter Suitability Aerial Proportions - Hazelnuts 
 
Figure 6-4 shows the ESA mapping for potatoes, also based on v1.0 DSM (Chapter 5).  
Relatively small areas of well-suited land are evident across the north-west and 
north-east of the state, generally surrounded by ‘suited’ land.  Much of the central 
northern-midlands area is only considered marginally suited, with most of the 
central highlands and west coast classed as ‘unsuited’.   
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Figure 6-4. Suitability Map - Potatoes 
 
Figure 6-5 shows the graphical proportions of the state’s area for the individual ESA 
soil and climate parameters.  Up to 30 % of the area is unsuited due to pH, with 
some minor limitations due to topsoil clay %, although almost 75 % is classed as 
suited.  Drainage is another limitation, with almost 35 % classed as marginally-suited, 
with similar areal proportion of the state limited by stone %, frost-risk and slope. 
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Figure 6-5. Parameter Suitability Aerial Proportions - Potatoes 
 
 
The EVI map derived from all 20 ESA outputs is presented in Figure 6-6, which ranges 
from 20 (lowest possible) to 71 (out of a maximum 80).  The least versatile areas are 
displayed as the south-west and central highlands of the state, while the midlands 
are moderately versatile (EVI between 40 and 60).  The most versatile areas (EVI > 
60) are in the north-west and north-east. Mean EVI value is 31.6, with a standard 
deviation of 8.8. 
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Figure 6-6. Enterprise Versatility Index Map 
 
Figure 6-7 shows the overall MPGM mapping for the entire state, independent of 
tenure, for 19 enterprises (no industrial hemp).  This map is in general agreement 
with the EVI grid; however, some areas of higher GM potential are evident in the far 
north-east and into the east coast, indicating the potential for high-valued 
enterprises in these areas, which are not necessarily suited to lower GM broad-acre 
cropping.  Again, the west coast and central highlands have very low MPGM values. 
The MPGM values range from $0 AUD ha-1yr-1 to $4054 AUD ha-1 yr-1, while the mean 
MPGM is $477 AUD ha-1 yr-1. 
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Figure 6-7. Median Potential Gross Margins Map 
6.6 Discussion 
For this study, DSA was essentially considered as the application of various 
interpretations to DSM, such that; 
 
DSA = DSM + DSI + (DEI + SEI) 
 
where DSI = Digital Soil Interpretation, DEI = digital environmental interpretations, 
and SEI = socio-economic interpretations.  In this case, interpretations are the 
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different ranges of soil attributes that a particular enterprise can tolerate to be 
considered suitable, and is considered digital in that the interpretations can be 
applied ‘pixel-by-pixel’ to produce a suitability assessment of each pixel.  However, 
the interpretation component not only involves interpretation of soil attributes, but 
also integration with other environmental (DEI) or socio-economic information 
ranges  (SEI), such as climate, terrain and GM market analysis. This example of an 
operational DSA (in the sense that it is part of government funded core-business) 
was derived from products based on first versions (v1.0) DSM surfaces of Tasmania 
(Kidd et al., 2015b), and provides some additional and potentially powerful decision-
support spatial tools that can be generated from functional soil (and climate) grids.  
DSM products have been shown to provide many functional uses by direct query of 
soil attribute values alone (Carré et al., 2007); however, when combined with 
information such as climate, management inputs and market information (GM), 
spatial information such as yield potential, agricultural capital, and potential for 
diversification or intensification can be revealed (McBratney et al., 2012).   
6.6.1 EVI and ESA Mapping 
The EVI and ESA mapping (for all enterprises) generally agrees with expert-based 
knowledge of spatial extent of land use and productivity in Tasmania.  Despite the 
heuristic approach to the preliminary EVI mapping, the more versatile areas (EVI > 
60) show general correlation with the Red Ferrosols (Isbell, 2002), (Nitisols or 
Acrisols (IUSS Working Group WRB, 2007)) in the north-east of the State around 
Scottsdale, and the north-west from Sassafras to Forest.  These areas have been 
traditionally used for intensive vegetable production, and therefore in agreement 
with the EVI mapping.  Figure 6-6 shows that the south-west world heritage listed 
parts of the state, even though prohibited for agricultural development due to 
conservation status, are unsuited to most if not all enterprises. Suitability of 
hazelnuts (Figure 6-2) is not necessarily restricted to the high production areas, 
highlighting parts of the Southern Midlands and east coast as suitable, which are not 
historically intensive agricultural areas.  Much of the central and south-west areas 
unsuited to hazelnuts are limited by excessive rainfall, poor drainage, shallow soils, 
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and severe frosts in high-elevated areas.  However, lack of soil sample sites (as well 
as temperature logger sites) have contributed to model uncertainty in these areas 
(refer to Kidd et al. (2015b)), which could lead to some misclassification of suitability 
ratings.  The suitability for potato cropping (Figure 6-4) is better aligned with the 
Ferrosols and higher production areas in the north, and are limited in the midlands 
due to ‘duplex’ soils (sharp texture-contrast between the A and B horizons) and 
drainage.  Stone content, excessive slope and sub-optimal temperature regimes 
severely limit this crop in the central highlands, and other mountainous areas in the 
central north-east around the Ben Lomond mountain ranges. 
The EVI product would be considered useful for investors looking at land suited to a 
wide variety of enterprises, and to inform protection of agricultural land from non-
agricultural development.  However, an EVI > 60 doesn’t definitively signify that an 
area is suited to all enterprises (that is, 20 x 3 (suited)); it may imply that the pixel 
was well-suited to some enterprises (for example, perennial horticulture), but only 
marginally suited to others, such as broad-acre crops.  Further interpretation of the 
EVI is warranted, or development of alternative products where a count of 
enterprises per pixel per suitability class could provide more specific information.  
The EVI shows areas more suited to more enterprises, independent of monetary 
value, whereas the application of GM can differentiate between areas suited to a 
range of lower-earning crops, in comparison to areas potentially suited to higher-
valued commodities that could require greater infrastructure costs to develop (and 
therefore greater economic-risk per unit area). 
6.6.2 Gross Margins Mapping 
The individual GM maps produced for each individual enterprise would be useful for 
investors or farmers interested in specific commodities, however, when combined 
into the MPGM product, the earning potential and value of different parts of the 
state become apparent.  The mapping shows that again, the Ferrosols have the 
potential to not only support a wide-variety of crops, but those of highest value.  
However, parts of the northern midlands, traditionally used for broad-acre cereal 
cropping, show lower economic potential per area, due to the soil and climate 
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limitations to higher-valued intensive vegetable production (such as drainage and 
frost-risk). 
The default GM values applied to the suitability mapping presume adequate 
management, for example, pH limitations would be ameliorated by liming.  Lower 
suitability classes would imply that extra management inputs (and costs) would be 
required to achieve default management, and the full GM value.  Further refinement 
of the GM application to the spatial analysis is possible, where, using the pH 
limitation example for lower suitability classes, the typical cost per hectare (or pixel) 
of adding required quantities of lime to increase suitability could be calculated and 
subtracted from the expected spatial GM value, as a more realistic measure than the 
heuristic scaling.  Further GM costs could be refined if the pH buffering index was 
also spatially modelled.  If drainage was a limiting factor, the costs of drainage 
infrastructure establishment could also be incorporated, based on the severity of the 
predicted drainage class that needs managing, although as a capital expenditure, this 
would not be considered within the GM analysis, but in establishment costs.  Harder 
to overcome limitations, such as EC, or temperature regimes, would be more likely 
to impact on potential crop yields, and would need research to estimate this based 
on reduction in GM, or alternative biophysical modelling for land evaluation.  Rainfall 
was incorporated into the GM products and spatial analysis, where, for irrigated 
cropping, lower rainfall areas will potentially require increased irrigation, reducing 
the potential GM due to the irrigation expenses.  The economic analysis would be 
considered more realistic for potatoes, as crop establishment costs are minimal 
compared to that of hazelnuts, as previously discussed.  DPIPWE analysis shows that 
‘start-up’ value of establishment can be as high as $21,093 per hectare for hazelnuts, 
with NPV running at a loss until around 14 years after establishment (DPIPWE, 
2015c). 
This type of spatial monetary product demonstrates the low agricultural economic 
potential in current conservation areas, and will better inform the process of 
identifying areas for conservation covenants, or development-conservation conflicts 
in marginal areas.  
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6.6.3 Validation and Refinement 
The preliminary DSA products were developed as a regional guide to indicate most-
likely suitability and biophysical limitations, where paddock-scaled investigations are 
encouraged before any investment due to the uncertainty ranges of the DSM inputs. 
In addition to the DSM validation process discussed and presented in Kidd et al. 
(2015b), the state-wide ESA surfaces are being further assessed to identify any 
conflicting land uses (that is, identified examples of a particular enterprise occurring 
in an area mapped as ‘unsuited’ to that enterprise).  This will provide an indication of 
whether specific rule-sets require ‘relaxing’ of any input parameter ranges, or 
whether the v1.0 DSM products are poorly predicting in some areas.  However, non-
spatially-aligned occurrences of land uses with ESA mapping can occur where some 
management has already been applied, such as drainage infrastructure, raised-beds, 
liming or addition of fertilisers, or utilisation of climate-tolerant crop-species to 
overcome temperature restrictions; therefore, these anomalies can be explained. 
6.6.3.1 Legacy land Capability and Enterprise Versatility 
Legacy Land Capability Mapping (Klingebiel and Montgomery, 1961; FAO, 1976) was 
previously undertaken in Tasmania using a traditional approach, assessing the 
capacity of the land to sustainably support broad-acre agriculture based on a range 
of soil characteristics, climatic ranges, terrain and parent material.  These criteria 
were described by Grose (1999b), with mapping derived by aerial photo 
interpretation and free-survey of soil and terrain characteristics.   The EVI surfaces 
generally agree with the traditionally mapped land capability of Tasmania (Grose, 
1999a; Grose, 1999b), but show slightly different boundaries due to the different 
applied criteria and resolution of (traditional) mapping.  For example, Figure 6-8 
shows that the Class 1, 2 and 3 land (defined as prime-agricultural land in Tasmania 
(Grose, 1999b)) are in general agreement with the higher EVI areas around 
Devonport when EVI values > 50 are highlighted.  However, anomalies exists as some 
enterprises, for example, perennial horticulture (wine grapes, tree-crops) are suited 
to growing in non-prime-agricultural areas (Class 4 or lower), which will increase the 
EVI values in these areas.  Some enterprises will also have conflicting optimal soil and 
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climate requirements, and public land tenures were excluded from the traditional 
land capability mapping.  For quantitative comparisons to the existing land capability 
mapping, conventional broad-acre cropping enterprises (especially vegetable 
cropping) would need to be considered in the EVI only, as these more closely align 
within the Tasmanian land capability considerations (where perennial horticulture 
was not included) (Grose, 1999b).  Small areas of high EVI present outside the 
capability class 1 to 3 polygons are due to the DSM/ DSA capacity at 80 m resolution 
to identify small areas beyond the minimum mapping area (40 ha (McKenzie et al., 
2008))  of the traditionally derived land capability mapping at the 1:100,000 scale.  
Areas not mapped as high EVI within the land capability polygons could again be due 
to the limitations of the traditional scale, where complexes of capability classes were 
applied to polygons where delineation of these classes could not be made at the 
nominal scale (Grose, 1999b), or even mis-mapping of some areas.  However, the 
visual spatial agreement of the preliminary EVI with known areas of versatile land 
indicates that this simple additive approach shows potential, and also demonstrates 
the potential of incorporating rasterised ‘building block’ DSM inputs into the DSA. 
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Figure 6-8. Comparison between Land Capability and Versatility Index 
 
Whereas the legacy land capability mapping is used to identify broad areas of the 
capacity of the land to support conventional, broad-acre agriculture, the DSA/ EVI/ 
MPGM mapping described here was developed a component of the overall WfP 
program package specifically in consideration of the 20 listed enterprises, 
management considerations, and economic analyses.  In Tasmania, a major function 
of the legacy land capability mapping is for the identification of prime agricultural 
land (as per the FAO framework (1976)) to ensure these areas are not ‘lost’ to other 
non-agricultural activities and development.  This is enforced by local government 
through local planning schemes and development approvals under the State Policy 
on the Protection of Agricultural Land, Tasmania (2009).  However, local Government 
has had to rely on the 1:100,000 capability mapping; the DSM could potentially be 
used to refine and enhance the spatial accuracy of this product. 
High EVI areas can be used for identification of potential areas for investment and 
infrastructure development, protection of agricultural land to conserve agricultural 
economy and food-security; also to determine economic risk for financial and 
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insurance institutions, and set local government land rates (levies).  Many of the low-
versatility areas contain soil properties unsuited to many agricultural uses, but still 
have high environmental or aesthetic value.  These less agriculturally-diverse areas 
can be assessed for conservation value, and if appropriate, have land tenure 
adjusted to protect environmental assets without reducing agricultural potential, but 
facilitating protection from failed development, environmental degradation, loss of 
conservation value, loss of aesthetic quality, and potential off-site effects such as 
water-quality reduction due to erosion. 
As previously discussed, the MPGM mapping shows the potential median GM in 
consideration of all the 19 enterprises that could be undertaken, where the 
constituent GM mapping is calculated as if; 
• the enterprise was in full production, without consideration of establishment 
costs or losses due to maintenance of stock, 
• for default management, and  
• with heuristic scaling with respect to suitability class 
A better indication of the true earning potential and land versatility, in consideration 
of establishment, inflation, interest rates and maintenance would be to incorporate 
NPV into the spatial analysis.  Future analysis for versatility will incorporate NPV as it 
becomes available during the WfP program, incorporating internal rate of return as a 
weighting for each pixel, as a weighted proportion of each suitability class for each 
enterprise or land use type, as described in Rossiter and Van Wambeke (1997). 
The v1.0 surfaces for pH includes all calibration sites regardless of temporal 
distribution (as per guidelines for first GSM products), and encompasses both 
agriculturally-used and non-production areas; the DSM outputs can essentially be 
considered representative of the natural (non-limed) condition in some areas, and 
are useful in indicating that management of soil pH will be need consideration for 
many enterprises in most parts of Tasmania.  While pH is shown to be a common 
limitation to many enterprises, it is potentially one of the most difficult soil 
attributes to effectively model due to temporal land management induced spatial 
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variation in the topsoil, most pronounced in the top 30cm (McKenzie et al., 2002; 
Kidd et al., 2015b; Malone et al., 2015 in review). Future work is needed to reduce 
the temporal modelling uncertainties by eliminating older calibration data (as 
discussed in Kidd et al.; Chapter 5), or incorporating updated land-use layers to 
spatially explain changes in pH based on land-use. However, pH is considered an 
easily managed agricultural limitation in Tasmania, with a good and affordable lime 
supply-chain, so could be considered a ‘soft’ limitation to most enterprises and areas 
(depending upon actual starting pH, land-use history and the soil buffering capacity), 
or could even be removed completely from the ESA frame-work in future versions if 
modelling diagnostics are not improved (Carré et al., 2007; Kidd et al., 2015b).  It is 
also arguable that easily mitigated suitability constraints such as soil pH should be 
included in land evaluation; of the soil properties listed, exchangeable calcium would 
be another that could effectively be removed from the rule-sets as low-levels can 
also be effectively ameliorated.  Soil drainage is also considered a relatively easy to 
mitigate suitability parameter; however, this was considered an important 
parameter in the Tasmanian ESA, as the midlands agricultural area contains a range 
of challenging (in terms of management) texture-contrast soils, limited for 
production, cultivation and harvesting due to poor drainage and perched water 
(Hamlet, 2002; Cotching et al., 2009).  As an alternative land evaluation method, 
suitability could be modelled directly from each location; however, this would not 
provide an indication of soil or climate limitation.  Modelling each individual soil 
attribute was the preferred option, which affectively developed a new soils resource 
that will be used for a variety of additional agricultural and environmental modelling 
assessments (Kidd et al., 2015b).  However, several additional spatial suitability 
parameters will need developing now that ESA mapping has moved from the pilot 
areas, to state-wide. The original rule-sets were developed for the Meander and 
Tunbridge areas of Tasmania; additional parameters such as humidity (a known issue 
for opium poppy productivity and disease risk on the Tasmanian East coast), or 
temporal wind direction and speed for areas in the far north west will require further 
research, application and testing.  These suitability rulesets are also largely 
productivity based, with little regard for environmental sustainability, as opposed to 
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the land capability assessment previously undertaken in Tasmania (Grose, 1999a; 
Grose, 1999b).  Future refinements of the rulesets are planned to determine 
parameter ranges based on assessment of soil and water conservation inputs (for 
example, RUSLE (Renard et al., 1991; Millward and Mersey, 1999; Renard et al., 
1997; Lu and Yu, 2002) erodibility potential).  This could also include economic and 
strategic factors such as market requirements, and proximity to processing 
infrastructure and transport (D’haeze et al., 2005).   
6.6.3.2 DSM, Uncertainties and Future Soil Sampling 
The 80 m resolution DSA products should be considered as a regional guide to crop 
suitability, agricultural versatility and capital, with further paddock-scaled and 
market investigations recommended before future agricultural development due to 
DSM uncertainties.  As the future DPIPWE program of soil sampling is continued in 
2015, the aim is to reduce DSM uncertainty ranges in important areas.  From the 
v1.0 products developed for Tasmania (ESA, EVI and MPGM), a major use will be to 
inform new soil sampling campaigns to enhance the ESA in new irrigation schemes, 
targeting those areas of high versatility and earning potential, combined with areas 
of highest uncertainties (in terms of DSM, as discussed in Kidd et al. (2015b); Chapter 
5).  This will ensure that sampling resources will target the most important 
agricultural land with large DSM prediction intervals (see Figure 6-1).  There is 
further work underway to test and produce DSM and DSA at 30 m resolution, with 
anticipated potential to show greater farm-scaled variations in soil properties, such 
as the subtle terrace-association features in the Launceston Tertiary Basin (Doyle, 
1993), more pronounced with the 30 m resolution STRM-DEM.  This would have 
implications to spatial economic analysis, but improve the functionality of the DSM 
and ESA products to better inform the high spatial variability of Tasmanian soils, and 
consequential small management units when compared to mainland Australia (Kidd 
et al., 2007). 
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6.6.3.3 Consideration of Uncertainties in ESA 
The ESA mapping was developed using the predicted value for each DSM and climate 
parameter, however, each of these parameters have also had upper and lower 
prediction limits (uncertainties) calculated, which have not (as yet) been considered 
in the ESA framework.  The propagation of uncertainties from DSM through the DSA 
process is necessary to fully realise the quantitative DSM benefits to the DSA 
approach (Carré et al., 2007).  Future ESA modelling will incorporate an uncertainty 
or ‘sensitivity’ analysis (Harms et al., 2015) to these uncertainty ranges, to determine 
how this might affect each suitability rating, based on the uncertainty range on the 
parameter threshold values, as discussed in Kidd et al. (2015b); Chapter 5.  As 
Malone et al. (2015) demonstrated in the Tasmanian Meander study area using the 
initial pilot project data, repeated simulations (multivariate Latin Hypercube 
Sampling (LHS) (Minasny and McBratney, 2006a; Minasny and McBratney, 2006b) 
with a ‘normality-constraint’) will be applied to each soil attribute uncertainty range 
(presuming a normal-distribution) with respect to the appropriate ESA threshold 
range to tally the number of instances each suitability class is simulated; the 
proportions of these will provide a probability estimate of each suitability class for 
each ESA ruleset parameter.  Malone et al. showed that, for ESA of hazelnuts in the 
Meander Study area, the overall spatial distributions of suitability can change 
substantially when considering uncertainties, especially for soil properties  which 
have modelled poorly to produce large prediction intervals (such as pH, as 
discussed), and that discrete threshold land suitability assessments have limitations 
to meaningful  interpretation.  This will, in turn, have implications for the EVI and 
MPGM maps; however, research will need to determine whether an unsuitable 
rating is due to the actual limitation (such as pH), or as a result of a high uncertainty 
of a DSM-derived suitability range.  Future sampling and DSM development should 
resolve or reduce the uncertainty propagation into the ESA, with uncertainties 
accounted for using the approaches of Malone et al. above. 
As previously discussed, some additional parameters will be developed for the ESA 
rule-sets, as well as re-assessing some parameter ranges, and the addition of extra 
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enterprises to the current list of 20.  Another approach will be to ‘back-model’ the 
instances of new, known and successful enterprises, where the location of these will 
refine the soil and climate parameter ranges, and; however, this would need to be 
considered with analysis of any management inputs into these areas, such as 
planting and harvesting times, or parameter-tolerant crop species., to determine 
whether these areas would still be comparable, management-wise, with the default-
management areas used to develop the original suitability rulesets.  This will, to a 
certain extent, reduce the error in suitability class interpretation, as the rule-sets will 
be adjusted to take into account the potential uncertainty of the DSM input 
parameters; however, improving the DSM uncertainties through additional sampling, 
modelling, and covariate generation is the preferred option.  
A spatially-referenced database containing detailed soil and climate predictions for 
each pixel would also be a useful development, which will allow end-users to input 
their own suitability parameters and interpretations. We were unable to modify the 
suitability system used in the pilot phase as that was the format chosen and 
developed by TIA and industry at the time; however, there is now opportunity and 
impetus through the ‘Water for Profit’ program to test alternative systems.  Multi-
parameter type suitability assessments will be tested, where combinations of soil 
and climate input parameters are used to define suitability, for example, imperfect 
drainage for opium poppies as an issue in the northern midlands if the likelihood of 
above-average March rainfall is high.  This would also involve ‘weighting’ different 
parameters depending upon importance, possible management or effective 
limitation to suitability, such as the multi-parametric approaches presented by Rabia 
and Terribile (2013). 
6.6.4 Biophysical Modelling 
Once functional soil grids are produced with acceptable levels of validation and 
uncertainty for a region, many new spatial biophysical assessment products become 
feasible. Using biophysical models within a DSA, temporal effects of land 
management and present and forecast climate conditions can be integrated to 
facilitate the production of temporal and spatial estimates of yield (Rossiter, 2003).  
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Biophysical modelling could be applied directly to the soil grids, such as APSIM 
(Keating et al., 2003) crop-based simulations.  From the predicted spatial yields 
(based on typical management), higher yields can be considered more suited to an 
enterprise, with variations in management and yield outputs used to spatially 
identify the soil or climate limitations requiring consideration in specific areas. This 
would be useful for forecasting commodity outlooks, production planning and 
forecast earnings, and demonstrating beneficial land management practices and 
required nutrient inputs.  The spatial yield outputs could be integrated with climate 
change or extreme weather forecast scenarios to provide a tool for risk-mitigation 
strategies, or estimation of agricultural insurance premiums.  This will potentially 
become a superior ESA product to traditional land evaluation frame-works as a range 
of simultaneously occurring biophysical inputs and managements can be spatially 
modelled to show areas expected to produce better production outcomes per unit 
area.  
6.7 Conclusions 
This chapter presents some preliminary uses of Tasmanian v1.0 DSM surfaces; 
incorporating DSM into a conventional land suitability framework as part of a DSA to 
assess land suitability for 20 different enterprises for newly commissioned irrigation 
schemes.  The suitability maps provide underlying data in the form of soil and 
climate limitations, and were combined to provide a spatial indication of agricultural 
versatility.  The suitability maps were also integrated with gross-margins analysis for 
each enterprise to spatially indicate the economic potential for different parts of the 
State.  The simple process to derive the versatility and economic maps demonstrates 
the benefits of digitally-derived spatial predictions for the application of 
interpretations ‘pixel-by-pixel’ (DSA). 
These are early (v1.0) products that will be refined as soil sampling and DSM (v1.0+) 
program is continued during 2015 and 2016, the suitability frame-work is enhanced, 
and biophysical modelling tested.  The mapping generally aligns with traditional, 
coarse-scaled land capability mapping and expert knowledge of the State’s soils, 
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emphasising the Tertiary Basalt-derived soils in the north-east and north-west of the 
State as potentially being the most versatile, and valued (economically), and 
indicates the potential of this approach.  The mapping also shows that Tasmanian 
conservation areas are also less versatile and suitable for agriculture, and therefore 
non-productive and potentially environmentally fragile, justifying their conservation 
status.  The DSA has identified soil attributes that will require effective management 
to maintain productivity, with future work to integrate vulnerable soils into the 
suitability assessment to ensure appropriate environmental management and 
sustainability.  
Now that many countries and jurisdictions around the world are developing 
functional DSM grids, (many with impetus from GlobalSoilMap), innovative 
agricultural and environmental modelling and assessment is emerging, with new 
opportunities to identify, utilise and protect the most important agricultural land and 
ensure food security for future generations.  However, predictive uncertainties need 
to be incorporated and tested within future land evaluation to fully utilise the 
quantitative potential of DSM. 
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 Chapter 7
 
Conclusions and Recommended Future Directions 
7.1 Major Outcomes 
The preceding chapters have described and presented the integration of digital soil 
mapping (DSM) into an operational land evaluation framework; in particular the 
development of functional soil attribute grids as input parameters to an agricultural 
land suitability assessment, a digital soil assessment (DSA).   The various soil property 
grids of different depths, attributes, locations and resolutions all provided statistical 
validations, diagnostics and meaningful spatial landscape relationships appropriate 
for operational application.  However, it was evident that some soil properties, such 
as topsoil pH and EC did not predict particularly well, and will require further 
calibration sampling and research into covariates and spatial modelling methods that 
produce lower uncertainties of prediction. 
The various components of operational DSM and integration into DSA were 
assessed, tested and adapted where necessary to fit in with the restricted time and 
resource limitations inherent in operational projects; namely, effective but practical 
soil sampling designs; qualitative but expert-based soil estimates integrated with 
quantitative DSM techniques; generation of land suitability surfaces within a pilot-
project area, with extended application to larger, state-wide areas, incorporating 
legacy soil data; provision of surfaces to GlobalSoilMap specifications; and 
application of DSM into DSA for spatial assessment of agricultural suitability, 
versatility and capital. 
7.1.1 Digital Soil Sampling 
Chapter 2 described operational soil sampling for the DSA pilot study in the Meander 
and Midlands irrigation areas, totaling 70,000 ha, presented as the published paper;  
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Kidd, D., Malone, B., McBratney, A., Minasny, B., Webb, M., (2015). Operational 
sampling challenges to digital soil mapping in Tasmania, Australia. Geoderma 
Regional 4, 1-10. 
 
The main outcomes from this research showed; 
• Although offering the best sampling design, that is, optimal representation of 
the covariate distributions, the Conditioned Latin Hypercube (cLHS) (Minasny 
and McBratney, 2006a; Minasny and McBratney, 2006b) sampling approach 
was impractical to implement in the field due to sampling and access 
constraints, such as infrastructure, physical sampling and access limitations, 
and impractical terrain. 
• An alternative sampling approach, based on stratification of the covariates by 
fuzzy k-means (FKM) clustering (Bezdek et al., 1984; Odeh et al., 1990; 
McBratney and de Gruijter, 1992), then random sampling of the strata where 
field sampling officers could subjectively move sampling locations within 
clusters was tested in the Tunbridge study area.  This was considered a 
‘relaxed’ sampling approach, as opposed to the ‘strict’ pre-defined sampling 
locations used in cLHS.  Final ‘relaxed’ sampling locations adequately 
represented the covariate feature space, and the sampling method was 
found faster to implement than using the cLHS pre-determined sampling 
locations. 
• Random sampling showed reasonable representation of the covariate feature 
space, but was weakest overall, demonstrating the improvement in 
representation of the covariates distributions through stratification. 
 
Most research focused on obtaining the best sampling strategy for calibrating spatial 
soil prediction functions. However the practicability and operational constraint is 
seldom addressed. The ‘relaxed’ sampling approach using FKM covariate 
stratification, although faster, more pragmatic, and adequately representative of the 
covariates introduced a level of bias, a sampling consideration that DSM is seeking to 
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minimise.  The approach basically offered a compromise between statistically-
rigorous sampling and operational field practicality.  Following the sampling 
completed for this study (931 sites total), Clifford et al. (2014) proposed and tested a 
flexible approach, based on the cLHS, where the sampling was constrained to a 
buffered distance from roads, and alternative locations offered if sampling was 
constrained while still maintaining the ‘hypercube’ sampling structure.  While this 
approach provide improvements to sampling practicality, the methodology and 
coding is complex, and still required navigation to pre-determined locations (which 
was considered a major hindrance to sampling timetables in the Tasmanian 
example).   
The FKM method presented in Chapter 2 was adequate in that a true probability 
sample (where every area has an equal chance of being sampled) is not a 
requirement for model calibration (Brus and de Gruijter, 1997; Brus, 2010); however, 
the independent validation sample set was not a true probability (random) sample, 
and could therefore not validate mapping accuracy, instead a measure of modelling 
performance.  Since the sampling purpose was for regional mapping, rather than 
quantitative spatial monitoring, this approach was considered acceptable.  For a true 
probability sample, inclusion probabilities of the sample sites must be known, with 
every location equally available for sampling (Brus, 2010); however, it was debated 
whether a true-probability sample would ever be achievable in real-world scenarios, 
as in most cases, lack of ability to sample is not realised until sampling is attempted 
in the field. 
Since publishing, Godinho Silva et al. (2015) demonstrated high sampling accuracy 
using the cLHS in a small area (1.6 ha) in Minas Gerais, Brazil, and also tested a cost-
constrained cLHS, where the sampling was limited to areas that were more easily 
accessed, as per Roudier et al. (2012).  The authors concluded that, while the cLHS 
provided superior sampling and coverage, the cost-constrained sampling provided 
adequate sampling accuracy, and showed promise for difficult access areas. 
In consideration of the work presented in Chapter 2 (Kidd et al., 2015a), Brungard 
and Johanson (2015) recently proposed combining the two tested approaches (cLHS 
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and FKM stratified sampling) to provide a pragmatic approach for access-constrained 
areas.  The method calculates FKM membership of covariate similarity within a given 
buffer around a cLHS sampling location to provide alternative locations where access 
was constrained, while still maintaining the integrity of the hypercube.  This method 
will be developed further and tested with new sampling over 2015 and 2016. 
Operational soil sampling practicality and statistical rigor continues to provide 
challenges to maximise sample numbers within limited project resources, and 
remains a subject for future development, research and debate.  However; the 
approach described here was an acceptable compromise which allowed field 
sampling to be completed within operational timeframes while still representing the 
covariate distributions. 
7.1.2 Spatial Soil Drainage Predictions 
Chapter 3 described the development of a spatial soil drainage index to provide the 
functional estimates of soil drainage for the enterprise suitability framework, which 
was presented as the published paper;  
 
Kidd, D.B., Malone, B.P., McBratney, A.B., Minasny, B., Webb, M.A., (2014). Digital 
mapping of a soil drainage index for irrigated enterprise suitability in Tasmania, 
Australia. Soil Research, Australia. 
 
The main outcomes from this research found; 
• Qualitative expert-based soil profile descriptors, such as soil drainage class 
(National Committee on Soil and Terrain, 2009), could be integrated into 
quantitative DSM spatial predictions to provide meaningful mapping 
products, with acceptable validation diagnostics for operational uses. 
• Expert soil drainage knowledge was effectively interpolated across the 
different terrain and parent materials; the main drivers of in situ soil and 
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landform element drainage in Tasmania. This qualitative assessment provides 
a practical drainage assessment based on morphology in the field.  
• The ordinal numeric code for soil drainage class, ranging from 1 (very poorly 
drained) to 6 (rapidly drained) (National Committee on Soil and Terrain, 
2009) could either be modelled as a continuous index, or categorical class 
map; the favoured product was deemed to be the index, as it showed 
continuous variations in soil drainage with respect to terrain, and could still 
be used within the enterprise suitability parametric rulesets.  Of the two 
continuous modelling approaches tested (Regression Trees (RT) and Random 
Forests (RF)), the RT approach produced the better validation diagnostics, 
and more easily interpreted modelling outputs. 
• The method was operationally rapid and could be applied to areas with 
existing legacy data to enhance legacy mapping (as demonstrated in  
Chapter 5). 
• The index, as opposed to drainage class mapping, provided a visually 
appealing and more realistic spatial output as it varied gradually with terrain. 
• The mapping is consistent with Australian survey standards (National 
Committee on Soil and Terrain, 2009), and is the standard terminology and 
rating system used by the agronomists and industry experts that developed 
the Tasmanian ESA rulesets. 
• The Australian drainage class system (National Committee on Soil and 
Terrain, 2009) does not solely describe internal site drainage, but considers 
external factors such as landscape position; this approach effectively 
captures this through environmental correlation and scorpan DSM 
(McBratney et al., 2003).  The approach described in Chapter 5 was 
effectively able to capture these external influences. 
 
The method was also successfully applied to the state-wide surfaces presented in 
Chapter 5 (Kidd et al., 2015c), and integrated into the state-wide enterprise 
suitability assessment (ESA) DSA presented in Chapter 6 (Kidd et al., 2015b).  A 
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similar approach was tested and applied to other qualitative field estimates, most 
notably coarse fragments (CF) size and abundance by standard depth.  This was 
described in detail in Chapter 5, where ordinal codes of coarse fragment classes 
were mapped continuously using Regression Tree (RT) DSM, and the CF class 
percentage estimate ranges ‘stretched’ across the corresponding index ranges for 
each class to provide continuous spatial percentage estimates. 
Although this practice can introduce a level of subjective-bias to the DSM outputs, it 
has drastically reduced operational time and resource requirements, and introduced 
integration of expert knowledge into landscape mapping.  It was deemed adequate 
for regional-scaled land evaluation purposes where a general indication of soil 
drainage characteristics is sufficient, as defined in the ESA rulesets, (Chapters 3, 4 
and 6), as opposed to specific purposes (such as spatial irrigation scheduling) which 
would require more quantitative estimates of soil hydrology. 
An alternative method would be to apply pedo-transfer functions (PTF) (McBratney 
et al., 2002) to the more easily predicted spatial soil properties (such as particle size, 
organic matter) to estimate properties such as soil hydraulic conductivity (k-sat) 
(McKenzie et al., 2002), which was discussed further in Chapter 5. 
7.1.3 Land Suitability DSA – Pilot Project 
Chapter 4 described the procedures and results from the ESA pilot study in the 
Meander and Midlands study areas, totalling 70,000 ha, which was based on the 
conference paper; 
 
Kidd, D.B., Webb, M.A., McBratney, A.B., Minasny, B., Malone, B.P., Grose, C.J., 
Moreton, R.M., (2014). Operational Digital Soil Assessment for Enterprise Suitability 
in Tasmania, Australia. GlobalSoilMap: Basis of the global soil spatial information 
system. Proceedings of the 1st GlobalSoilMap Conference, Orleans, France 7-9th Oct, 
2013. pp. 113 - 121. CRC Press. 
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This chapter has added supplementary content in the form of additional results, 
observations and discussion to the original paper.  The pilot project basically used a 
DSM/ DSA approach to map land suitability from 930 new soil samples, applying a 
conventional land suitability framework (FAO, 1976) to assess the suitability of 20 
different enterprises.  To reduce time and costs, MIR (Mid-Infrared Spectroscopy) 
was used to predict soil properties (Taylor et al., 2002; Pirie et al., 2005), calibrated 
using conventional soil chemistry analysis of approximately 20 % of samples.  
Overall, the DSM undertaken in both pilot areas were considered acceptable for 
most soil properties to make this a viable operational methodology.  The better 
predicting soil attributes were clay % (with RMSE = 4.75 % in both areas), and CF 
(>0.2 m), with R2 validations of 0.87 in the Tunbridge area (after additional desktop 
identification of known ‘stony’ areas). pH spatial predictions validated relatively 
poorly (considered due to the inability to account for the unexplained variability 
introduced by historical land management practices to mitigate soil acidity), while EC 
modelled poorly in the Meander area due to the abundance of low values. 
Several adaptations to the applied DSM approaches were necessary for this study; 
particularly the additional CF calibration data added through expert desk-top GIS 
digitising using high resolution satellite imagery to account for zero-inflated data 
(Kempen et al., 2015) obtained from the field sampling, and similarly described by 
Thomas et al. (2015).  Also, two-step modelling, as previously described by Heilbron 
(1994) and Fletcher et al. (2005), was necessary to model depth to sodic clay 
(exchangeable sodium > 6 % (Isbell, 2002)), where first the presence-absence of 
sodicity was modelled as a binary variable, then depth to sodic layer modelled by 
field depth measurements only in areas predicted as most-likely to be sodic from the 
initial binary modelling.  Similarly, soil depth (to root-limiting layer) was initially 
modelled as binary depth > 1.5 m (when no limitation was reached within the depth 
of the sampling core), and depth < 1.5 m where a limitation was reached, such as ‘R’ 
or ‘C’ horizons (National Committee on Soil and Terrain, 2009), or coring ‘refusal’ 
due to CFs.  The depth to limitation was then modelled in areas predicted to be 
< 1.5 m only.  The DSM also required compromises to sampling approaches, and 
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incorporation of expert qualitative estimates, as described in Chapters 2 and 3, and 
above.   
The pilot project was one of the first operational DSAs undertaken in the world; the 
process demonstrated the viability of DSM into operationalised regional resolution 
land evaluation and environmental modelling.  The applied methodology was 
considered suitable for future operational needs due to relatively strong DSM 
diagnostics, realistic mapping patterns, the total area covered and resolution 
attained within project resources.  Expert feedback and spatial agreement with 
existing enterprises within the areas were also viewed favourably when assessing 
overall project outputs and outcomes.   From this pilot project, a new program of 
DSM, primarily for expansion of the ESA into remaining new irrigation areas across 
the state was introduced, initially using legacy and pilot project soil sample data to 
identify areas of high uncertainties for a continued soil sampling campaign, as 
described in detail in Chapter 5. 
 
7.1.4 Expansion of the Pilot Project DSA to the Whole of Tasmania 
Chapter 5 describes and presents the expansion of the DSA pilot project into the first 
version (v1.0) of the statewide mapping, specifically the DSM components for the 
ESA, in addition to the standard grids contributing to the Soil and Landscape Grid of 
Australia (SLGA) and GSM.  This chapter is presented as the published paper; 
 
Kidd, D.B., Webb, M.A., Malone, B.P., Minasny, B., McBratney, A.B., (2015). 80-metre 
Resolution 3D Soil Attribute Maps for Tasmania, Australia. Soil Research.             
 
The DSM specifically utilised RT modelling, with a k-fold cross validation (Kohavi, 
1995) approach for internal validation of modelling performance.  Leave-one-out-
cross-validation (LOOCV) (Kohavi, 1995) was used within each RT ‘partition’ to 
determine the variation in the residual range to form upper and lower prediction 
limit values, that is, DSM uncertainties, specific to RT partitions. 
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Calibration was from existing legacy site data with the new sampling undertaken in 
the pilot project, again with fitted depth-splines (Malone et al., 2009; Malone et al., 
2011) to provide desired standard depths.  Covariates included generated terrain 
derivatives from the 3 arc-second SRTM-DEM (Gallant et al., 2011) and a persistent 
green-ness index derived from time-series multi-spectral satellite imagery.  Due to 
the DSM now covering larger areas than the pilot project, the effects of climate were 
considered more pronounced in the processes contributing to soil formation 
(scorpan); mean annual rainfall and mean annual temperature surfaces, derived 
from Australian Bureau of Meteorology data, were included as covariates. Gamma 
radiometrics (airborne survey of gamma-radioactive outputs of surface minerals 
(Viscarra Rossel et al., 2014)) were shown to be an important covariate and predictor 
of most soil properties in the pilot DSM, but were only available for partial extent 
(roughly 50 %) of Tasmania.  Chapter 5 describes how the radiometrics (Total Count, 
Radiometric Potassium, Thorium and Uranium) were effectively extrapolated into 
remaining areas using geological parent material to form a set of hybridised geology-
radiometric surfaces as effective covariates. 
The main outcomes from the v1.0 DSM were; 
• The suite of v1.0 DSM grids were considered an important foundational step 
in developing a quantitative soils infrastructure for the State, at a functional 
resolution (80 m) for regional and sub-catchment scaled suitability 
assessment and environmental planning. 
• Most soil attribute grids were produced with acceptable modelling 
diagnostics and uncertainty ranges, delivering realistic spatial soil-landscape 
patterns. 
• The maps are considered a dynamic and continuously evolving product that 
allow continuous improvements through automated modelling as newly 
collected soil data and covariates are acquired to improve diagnostics and 
uncertainties in targeted areas.  Modelling uncertainties will be used to guide 
future operational soil sampling campaigns. 
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• Some covariates resulted in mapping ‘artefacts’; unnatural appearing map 
features caused by the RT partitioning and strongly-trending covariates.  This 
was especially evident for soil attributes reliant on rainfall, such as clay 
content, where the Cubist model (Quinlan, 2005) used rainfall as a modelling 
condition, exacerbated by the sharp west to east trend in annual rainfall 
caused by westerly weather patterns and the central plateau rain-shadow 
effect (Davies, 1988).  Similar artefact issues were raised and discussed by 
Padarian et al. (2014). 
• Calculating uncertainties within each RT partition using LOOCV as the 5th and 
95
th
 quantiles of the residuals provided an indication of which landscape 
features and areas were modelling better than others, which would not have 
been evident if using internal cross validation across the entire model.  Using 
k-fold cross validation (in addition to the LOOCV for uncertainties) across the 
whole model reduced the modelling bias that was observed by re-running 
initial modelling using a random 70-30 % (calibration-validation) data split. 
 
Applying the PTF to surfaces rather than calibration data potentially produced 
superior mapping outputs, as the PTF uncertainty wasn’t propagated through the 
spatial modelling process.  Not all sites contained all soil attributes required for each 
PTF, therefore, applying the PTFs to the base soil attribute grids provided more 
training data for the PTF components for spatial predictions. 
 
7.1.4.1 Mapping Artefacts 
In consideration of the mapping artefacts, offending covariates were identified and 
removed from modelling; if no detrimental effects in terms of modelling diagnostics 
and uncertainty sizes were apparent, and the mapping artefacts removed or 
diminished, it was decided to desist with the covariate in question.  Where a 
reduction in modelling performance was identified, alternative covariate formation 
was investigated; for example, dividing annual rainfall by a terrain derivative 
calculating windward-leeward wind effects (SAGA GIS, 2015) effectively incorporated 
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the prevailing rainfall conditions, reducing isohyet boundary affects in RT conditions.  
This better aligned rainfall to terrain features, and improved the visual appearance 
of clay % surfaces without reducing modelling performance.   
Some have argued that artefacts are reality of mapping and should be presented as 
it represents the uncertainty of the imperfect knowledge of the “real world” 
(Heuvelink, 2015). Heuvelink also stated that a more accurate map with artefacts 
should be the preference over mapping free from artefacts with lower accuracy; 
however, the artefact-reduced DSM products from Chapter 5 were shown to have 
similar accuracy to the initial surfaces once aligning rainfall covariance with terrain.  
In this case, average interpolated rainfall-isohyets were not truly reflective of the 
real world; in reality, average rainfall would be more closely aligned with terrain.  
The extra effort to explore and develop better-performing covariates can therefore 
be warranted, with artefacts only acceptable if no better covariates can be derived 
or found. The improvement in the visual aesthetics of mapping provided more 
‘realistic’ products to end-users; this was considered especially important to 
facilitate the acceptance of DSM methods by the Tasmanian soil community 
(academic, industry, and within agency). 
7.1.4.2 Uncertainties 
The method of calculating uncertainties was considered a good approach; however, 
debate will continue within the DSM community as to the optimum approaches.  The 
uncertainties, in this case as a spatial indication of model performance, will identify 
priority areas for soil sampling in new field campaigns.  In this way, the v1.0 can be 
considered a stock-take of existing soil data, which will identify where new soils 
information is needed.   
The summary of DSM steps and automated modelling code (using the R-
environment (R Development Core Team, 2015) described in Chapter 5 (Kidd et al., 
2015c) provides a ‘blue-print’ methodology for DSM using legacy-data in an 
operational context, which could be used by other agencies, elsewhere. 
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Here we can present a protocol for operational DSM: 
 
(1) Obtain and clean available point-source soil data containing the range of 
required soil attribute data.  Apply temporal ranges if applicable, for 
example, organic carbon. 
(2) Fit depth-splines to soil attribute data for appropriate depths. 
 
(3) Obtain and derive available and possible scorpan covariates for all potential 
environmental contributors; 
S: Available Soil Mapping across whole extent if available; Disaggregate if 
possible. 
C: Climate covariates; for example Average Annual Rainfall, Average 
Annual Temperature. 
O: Land Use Data, Satellite Imagery (for example Fractional Groundcover, 
Persistent Greenness and Bareness), NDVI. 
R: DEM and derivatives, for example slope, aspect, curvature, wetness 
indices. 
P and A: Geological mapping, gamma-radiometrics. 
N: Assemble and resample all covariates to the appropriate spatial 
location and resolution. 
(4) Intersect point source data with all covariates; identify better predictors 
through, for example, step-wise linear regression, or allow Cubist RT 
modelling algorithm to ‘decide’. 
(5) Optional: Test various modelling approaches, calibration data 
transformations; however, for this example, we will focus on Cubist RT 
modelling. 
(6) Undertake 10-fold cross-validation on calibration data and modelling, with 
leave-one-out cross validation within each Cubist ‘Rule’ on the modelling 
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residuals to produce uncertainties (5th and 95th quantiles for 90 % 
Confidence).  Apply to all attributes and depths. 
(7) Average all modelling k-folds to produce average predictions and upper, 
lower prediction limits. 
(8) Optional: Test modelling residuals for spatial autocorrelation; fit 
semivariograms using various models, for example, spherical. If good 
semivariance is obtained, krig-residuals and add back to modelled surfaces, 
and reassess model diagnostics. 
(9) Overview modelled surfaces for artefacts, test different covariates and 
combinations, and re-run models to assess appearance and diagnostics. 
(10) Expert review of DSM surfaces and uncertainties. 
 
7.1.5 Statewide DSA of Land Suitability, Versatility, and Capital: Application of 
the v1.0 DSM grids 
Chapter 6 describes and presents the application of the v1.0 Tasmanian DSM 
surfaces to the state-wide expansion of ESA, and is presented as the published 
paper; 
 
Kidd, D., Webb, M., Malone, B.P., Minasny, B., McBratney, A.B., (2015). Digital Soil 
Assessment of Agricultural Suitability, Versatility and Capital. Geoderma Regional. 
  
The chapter describes the land suitability framework used for the ESA; a four class 
system developed by the Tasmanian Institute of Agriculture (TIA) (DPIPWE, 2015c), 
based on a most-limiting factor approach (Klingebiel and Montgomery, 1961) and 
the FAO framework (1976), using a range of soil and climate parameter thresholds 
for agricultural suitability.  The v1.0 soil grids described in Chapter 5 provided the soil 
parameter inputs, while climate grids developed as per Webb et al. (2015) provided 
a number of temperature and rainfall related inputs.  One vegetable crop example 
(potatoes) and one tree crop example (hazelnuts) were presented, with graphical 
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aerial proportions of each parameter for each suitability class showing the greatest 
limitations.  A total of 20 ESA maps were produced (one for each enterprise), which 
was uploaded to a publically accessible web-based portal to allow spatial query of 
each location to provide an indication of parametric limitation (DPIPWE, 2015d).  
From Chapter 4, Figure 7-1 shows a screen-shot of the suitability mapping of 
blueberries, with a specific location parametric query. 
 
 
Figure 7-1. LISTmap Mapping - Suitability of Blueberries. 
An additive product combining each suitability map produced an Enterprise 
Versatility Index (EVI); this effectively showed the areas of the State that were suited 
to a range of enterprises, as the most ‘versatile’ land.  Gross Margins (GM) analysis 
tools were developed by DPIPWE (2015a) to provide an indication of the likely profits 
for each crop, taking into account management and market costs; these were 
heuristically applied to each suitability class for each enterprise for each pixel as a 
proportion of GM depending on suitability.  The median potential GM for all 
enterprises was calculated for each pixel to produce a median potential GM map 
(MPGM), effectively showing the areas of the State most likely to support a range of 
the highest-valued crops. 
The main outcomes from this chapter indicated; 
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• The EVI generally aligned with traditionally-derived land capability mapping, 
with EVI > 50 (of a possible 80) agreed with the prime agricultural land of the 
north-west and north-east, comprising the highly productive Red Ferrosols 
(Isbell, 2002). 
• The MPGM mapping also highlighted the Ferrosols as supporting the highest-
value crops, being in general agreement with the EVI extents; however, 
additional area to the far north-east were shown to be suited to high profit-
returning crops. 
• Hazelnuts were suited to much of the State’s agricultural areas, with most of 
the State unsuited due to topsoil pH and excessive rainfall in March (with the 
potential to damage kernels at harvest (DPIPWE, 2015b)). 
• Potatoes were shown to be well-suited to the north-west and north-east 
Ferrosols (consistent with present high-production cropping zones), but 
shown to be only marginally suited to the Midlands agricultural area due to 
soil drainage and frost-risk (DPIPWE, 2015e).  Most prominent limitations 
included frost-risk, slope and topsoil pH. 
• The EVI mapping was well aligned with and generally low in conservation 
tenures, providing justification at prohibiting productive uses in these areas. 
 
Whereas Chapter 5 provides a detailed description of the process of developing 
functional DSM grids from legacy soil data, choosing covariates, modelling 
approaches and uncertainty estimation, Chapter 6 provides examples of how the 
DSM can be integrated into a DSA framework.  The ESA was somewhat restrained by 
the suitability framework which was chosen and provided by TIA and industry. This 
most-limiting factor approach was considered impractical in some areas, especially 
soil pH, where a pH just below a suitable class-threshold classified that pixel as 
‘unsuited’.  However, this situation would be easily managed through lime 
application; whereas a limitation such as frost would be much harder to manage; 
therefore some parameters are more limiting than others.  Expert weighting of these 
parameters to be more reflective of possible management options would 
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considerably improve these products, and will be the next focus of the operational 
land suitability program. 
The DSM uncertainties were not considered within this initial DSA; however, Malone 
et al. (2015 in review) has shown that in the Meander ESA pilot areas, incorporating 
multiple simulations using the DSM upper and lower prediction limits can 
substantially alter the suitability extents, especially for highly uncertain parameter 
predictions such as pH.  This approach will be incorporated into future DSA after the 
next round of soil sampling in late 2015, targeting high uncertainty DSM areas for 
improvement of prediction intervals, and therefore higher confidence in simulated 
suitability scenarios. 
7.2 Key Research Conclusions 
In summary, the main outcomes of this work provide a methodology for applying 
DSM into operational land evaluation, which is often time and resource constrained.  
There is therefore a need to adapt some aspects of research and theory to fit within 
these ‘real-world’ limitations, while still maintaining an acceptable level of scientific 
rigour.  The work specifically tested and customised; 
• Application of DSM sampling designs that adequately represent the covariate 
distribution; it was found that pre-determined locations were often difficult 
to access or sample in a practical situation.  A compromise that allowed field 
sampling officers to move locations within given cluster boundaries made 
sampling much easier and faster, however, there is still need for further 
testing of alternative sampling approaches. 
• Some expert based soil descriptions, such as soil drainage and coarse 
fragment size and abundance were able to be modelled as ordinal class code 
variables, providing continuous and functional mapping outputs.  Although 
qualitative, the predictions effectively extrapolated soil-expert knowledge 
across landscape features.  These type of DSM products were found to be 
adequate at the required resolution for regional land suitability assessment, 
and saved operational time and expenses that would normally be needed for 
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replicated hydrology measurements and stone-counts to quantitatively 
provide spatial estimates of these suitability parameters. 
• The above outcomes, integrated with an operational DSM for ESA in two pilot 
project areas produced realistic and acceptable results, showing areas suited 
to 20 different enterprises.  This became the basis and rationale to expand 
DPIPWE land evaluation into the remainder of the State, focusing on the 
remaining new irrigation areas. 
• The soils data collected in the pilot project (930 cores) was integrated with 
existing legacy soil data (approximately 5,500 sites), producing version 1 
(v1.0) functional soil property grids across the whole state, with reasonable 
internal validation diagnostics, and providing a foundational soil resource 
that will be regularly updated through a process of legacy data-rescue for 
other State agencies, and an operational targeted soil sampling program. 
• Some covariates, due to their nature (for example rainfall), while good 
predictors of some soil properties, also caused mapping artefacts; covariates 
therefore need to be chosen carefully, ensuring they are useful at explaining 
variability but also producing realistic-appearing outputs, considered 
important for achieving DSM acceptance.  It was found that integrating 
rainfall with windward effects produced more realistic mapping, without 
deteriorating modelling diagnostics.  Using such approaches as Principal 
Components Analysis (Hengl et al., 2004) to reduce artefacts and de-correlate 
covariates were considered unnecessary for approaches such as Cubist RT 
(Quinlan, 2005), as the data-mining capabilities will reject poorly correlated 
covariates, and this would diminish the interpretative capacity of the 
approach where each covariate usage percentage is available for each model. 
• The LOOCV approach applied within each RT partition was a considered a 
good method for developing uncertainties for each different partition of the 
modelling, thereby providing an indication of uncertainties in different parts 
of the landscape.  Using a k-fold cross-validation approach overall was shown 
to reduce modelling bias based on sensitivity to the calibration data, which 
 284 
 
was evident when testing randomly splitting the data for calibration and 
validation. 
• Some useful initial v1.0 suitability products were developed across the whole 
State; however, the most-limiting factor approach was found to be 
impractical for some crops, which will be improved as new sampling reduces 
uncertainties in targeted areas, and the suitability framework re-configured 
to produce weighted multi-parametric assessments.  The DSM uncertainties 
will also need to be incorporated into the overall DSA (Malone et al., 2015 in 
review). 
 
7.3 Operational Framework 
In recapping the preceding chapters, an operational framework has emerged for 
land evaluation in Tasmania which can be applied elsewhere.  However, this 
approach will continue to evolve as the numerous components of DSM/ DSA are 
tested, and new innovations are developed and adapted both internally, and 
through research and adoption of new science released in the literature.  The basic 
methodology for DSA, as described above and applied in operation in Tasmania, is 
summarised in Figure 7-2, where future sampling will be informed by modelling 
uncertainties, which will feed back into new model runs for regular product updates. 
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Figure 7-2.  Digital Soil Assessment Operational Framework 
 
 
The above outcomes inform future application of DSM/ DSA into operational land 
evaluation departmental core-business in Tasmania; however, certain areas of 
function continue to challenge, or have emerged from this work, and will require 
further research as overall DSA development progresses. 
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7.4 Traditional and Digital Soil Mapping Cost Analysis and 
Comparisons 
There have been several recent examples showing DSM producing comparable or 
better accuracy of soil mapping compared to traditional approaches (MacMillan, 
2008; Bazaglia Filho et al., 2013; Collard et al., 2014; Lorenzetti et al., 2015; Minasny 
and McBratney, 2015); MacMillan (2008) also described the lower costs of DSM to 
comparable-accuracy traditional soil mapping.  The following provides a brief, 
simplified cost-comparison of the 30 m resolution (local) pilot project DSM and the 
80 m resolution state-wide (regional) mapping, against traditional approaches.  The 
comparison compares the total (actual) costs of the DSM (Chapters 4 and 5) against 
the estimated costs of using conventional soil mapping (CSM) to produce mapping of 
similar accuracy.  The two major cost components for both types of mapping are 
field sampling and chemical analyses, which are listed in Table 7-1. 
 
Mapping Component Quantified in Analyses 
Field Sampling:  
Staff Costs (Wages, on-costs) yes 
Travel Costs (Accommodation, fuel, vehicle) no 
Travel Times no 
Consumables no 
Chemical Analyses:  
Sample Preparation no 
Wet Chemistry yes 
MIR yes 
Consumables no 
 
Table 7-1.  Cost Analysis Components 
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For the purposes of this study the following assumptions were made; 
a) The profile descriptions made for the pilot study were of a minimum dataset, 
that is, not quite full descriptions, but more detailed than brief observations, 
as defined by McKenzie et al. (2008).    
b) The cost analysis does not take into account comparisons between, for 
example, aerial photo interpretation, covariate processing, travel costs, 
consumables, and traditional field reconnaissance. 
c) The analysis does not take into account traditional map production, and DSM 
modelling time and associated costs.  
 
7.4.1 30 m (Local) Resolution Pilot Study 
For the combined Meander and Tunbridge pilot study area (72,000 ha) at 30 m 
resolution, the comparable traditional scale of mapping was considered to be 
1:50,000.  Australian guideline specifications (McKenzie et al., 2008) for CSM at this 
scale are shown in Table 7-2. 
 
Approach Minimum 
Delineation  
Max Sites Min Sites no. sites min no. sites 
max 
CSM 10 ha 1/ 20 ha 1/ 100 ha 720 3600 
DSM 30m not applicable not applicable 930 930 
 
Table 7-2.  Traditional vs DSM Sample Numbers 
 
7.4.1.1 Soil Analyses 
As per Chapter 1, guideline specifications state that between 1 and 5 % of these sites 
should be sampled for chemical analyses.  This would therefore equate to a 
maximum of 180 sites requiring sampling and analyses for traditional mapping, with 
a total of 900 samples for five different sampling depths.  As at June, 2015, 
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conventional ‘wet’ chemistry and particle size analysis was available at a total cost of 
$130 per sample (AUD, CSBP Laboratories, Western Australia, 2015). 
For the pilot study presented in Chapter 4, the total number of sites was 930, with all 
of these used for analyses, that is, approximately 4650 samples for five sample 
depths.  However, using MIR analyses of these samples, only 15 % were used for 
conventional chemical analysis for calibration purposes.  Considering in-house MIR 
analysis, at a rate of 100 samples per day by a full-time equivalent (FTE) technical 
officer at $70,000 AUD p.a., this would equate to 47 days work.  Using a total of 240 
working days per year (5 day working week, with 20 days annual leave), each 
working day costs $292, therefore, MIR analyses costs $13,720.   
Table 7-3 shows the comparative analyses costs between the 30 m DSM (including 
MIR) and CSM for the different sample and analyses specifications. 
 
 Total no. 
of sites 
%  for ‘wet 
chemistry’ 
Samples per 
Site 
Cost per sample 
$ (AUD) 
Total Cost 
$(AUD) 
CSM Min Sites/ 
Max Analyses 
720 5 5 130 23,400 
CSM Min Sites/ 
Min Analyses 
720 1 5 130 4,680 
CSM Max Sites/ 
Min Analyses 
3600 1 5 130 23,400 
CSM Max Sites/ 
Max Analyses 
3600 5 5 130 117,000 
DSM  930 15 5 130 104,720 
 
Table 7-3.  CSM and DSM Soil Chemistry Cost Comparisons 
 
Table 7-3 shows that the scenario for the minimum number of CSM field sites, with 
the maximum (5 %) of analyses is equal in cost to the maximum number of field sites 
with the minimum analyses (1 %).  For these site/ analyses splits, the former would 
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intuitively produce lower field accuracy of soil type boundary delineation, with 
better application of the soil attribute ranges for each soil type.  The latter would 
inversely produce better accuracy of soil types and boundaries, but lower confidence 
in the attribute ranges of the soil types. It would be considered highly unlikely that 
effective mapping accuracy could be obtained using both the minimum sites and 
minimum analyses scenario in this Tasmanian example. 
7.4.1.2 Field Sampling 
For field sampling and profile descriptions, staffing would require 1 x FTE soil 
surveyor (at $100,000 AUD p.a.), with 1 x FTE technical officer.  Therefore 1 x FTE soil 
surveyor day equates to $417 AUD (using 240 working days per year), and 1 x FTE 
technical officer equates to $292 AUD, totalling $709 per field day. Using an average 
rate of 10 sites per day, total field costs are shown in Table 7-4. 
 
 Total no. 
of sites 
Sites per Day Total Field Days Cost per Field 
Day $(AUD) 
Total Cost 
$(AUD) 
CSM Min 720 10 72 709 51,048 
CSM Max 3600 10 360 709 255,240 
DSM  930 10 93 709 65,937 
 
Table 7-4.  CSM and DSM Field Costs 
 
 
Table 7-5 shows the tabulated costs for field work and associated chemistry for both 
methods, and sampling-analyses scenarios. 
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 Field Costs  
$(AUD) 
Chemistry Costs 
$(AUD) 
Total Cost 
$(AUD) 
CSM Min Sites/  
Max Analyses 
51,048 23,400 74,448 
CSM Min Sites/  
Min Analyses 
51,048 4,680 55,728 
CSM Max Sites/  
Min Analyses 
255,240 23,400 258,640 
CSM Max Sites/  
Max Analyses 
255,240 117,000 732,240 
DSM  65,937 104,720 170,657 
 
Table 7-5.  CSM vs DSM Sites and Analyses Scenario Costs 
 
The costs and numbers presented in this brief comparison include the DSM 
validation sites from Chapter 4, but do not include any validation site descriptions or 
sampling costs for the conventional mapping.  Hewitt et al. (2008) recommend that a 
further 50 to 200 sites should be sufficient for traditional soil survey mapping.  To 
include the minimum number of validation sites, this would add an additional five 
field days (x $709), and 13 samples for analysis (for 5 depths and 5 % analysis rate x 
$130).  The maximum validation total would require 20 field days (x $709), and a 
further 50 samples for analyses (for 5 depths and 5 % analysis rate x $130), assuming 
that the maximum analyses rate would be undertaken for effective validation of soil 
attribute mapping.  The minimum and maximum validation costs are calculated in 
Table 7-6.  
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 Total no. 
of sites 
No. of Field 
Days 
Field Validation 
Costs 
$(AUD) 
Analyses 
Validation 
Sample 
Number 
Analyses 
Validation 
Costs 
$(AUD) 
Total 
Validation 
Cost 
$(AUD) 
CSM Min 
Validation 
50 5 3,545 13 1,690 5,235 
CSM Max 
Validation 
200 20 14,180 50 6,500 20,680 
 
Table 7-6.  Minimum and Maximum CSM Validation Costs 
 
The updated costs for each method, with minimum and maximum validation 
requirements for CSM are shown in Table 7-7. 
 
 Total Cost 
(not validated) 
$(AUD) 
Total Cost  
(min validation)  
$(AUD) 
Total Cost 
(max validation) 
$(AUD) 
CSM Min Sites/  
Max Analyses 
74,448 79,683 95,128 
CSM Min Sites/  
Min Analyses 
55,728 60,963 76,408 
CSM Max Sites/  
Min Analyses 
258,640 263,875 279,320 
CSM Max Sites/  
Max Analyses 
732,240 737,475 752,920 
DSM  already included 170,657 170,657 
 
Table 7-7.  Cost Comparisons, DSM vs Traditional with Validation. 
 
Intuitively, it is anticipated that to undertake CSM to comparable accuracy as 
presented in Chapter 4 for the DSM pilot study, that closer to the maximum number 
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of recommended field sites, and validation samples for a 1:50,000 survey would be 
required, considering the complexity of Tasmania’s soils and terrain (Cotching et al., 
2009).  This could show a substantial cost reduction in using the DSM approach of 
between $108,663 and $582,263 for minimum and maximum chemical analyses 
respectively.  This cost comparison would be more directly comparable if MIR 
analysis was also used in the CSM; however, many more samples would be required 
using this method if building an MIR calibration library from scratch, as per this pilot 
study.  The number of CSM sites, with 15 % analysis rate for MIR calibration (as per 
Chapter 4), for five depths, with maximum validation (+ 200 sites, to be comparable 
with the level of validation applied to the DSM), is shown in Table 7-8. 
 
 Total no. of 
sites 
%  for ‘wet 
chemistry’ 
Samples 
per Site 
Cost per sample 
$ (AUD) 
MIR Labour 
$292 for  
100 samples 
Total Cost 
$(AUD) 
CSM Min 
Sites 
920 15 5 130 13,432 103,132 
CSM Max 
Sites 
3800 15 5 130 55,480 425,980 
DSM  930 15 5 130 13,720 104,720 
 
Table 7-8.  Incorporating MIR Analysis into the CSM 
 
Using MIR analyses in the CSM, included with associated field costs and full 
validation, are shown in comparison to the DSM in Table 7-9. 
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 Field Costs  
$(AUD) 
Validation Costs 
$(AUD) 
MIR + Calibration 
Costs $(AUD) 
Total Cost 
$(AUD) 
CSM Min Sites  51,048 20,680 103,132 174,860 
CSM Max Sites 255,240 20,680 425,980 701,900 
DSM  65,937 included 104,720 170,657 
 
Table 7-9.  CSM vs DSM Cost Comparisons (Incorporating MIR) 
 
This brief analysis shows that, even if incorporating MIR analysis into a CSM, the 
DSM process is still comparable for major costs (sampling and analyses) using the 
minimum number of specified sites to achieve the CSM at 1:50,000 scale.  However, 
complex soils and terrain, as evident throughout Tasmania, would require higher 
sample rates to be comparable in validation accuracy with the DSM outputs of the 
pilot project in Chapter 4; CSM could be as much as $532,243 more expensive than 
the DSM if the highest conventional sample density is required (Table 7-9). 
 
7.4.2 State-wide (Regional) 80 m Resolution DSM 
In comparing the likely costs involved in providing a similarly accurate traditional soil 
mapping product for all soil attributes as described in Chapter 5 at 80 m resolution, 
for the total State area of approximately 68,000 km2, Table 7-10 shows the likely 
sample number required at 1:100,000 scaled mapping, considered roughly 
equivalent to 100 m resolution (McBratney et al., 2003), and conservatively to 80 m. 
 
Approach Minimum 
Delineation  
Max Sites Min Sites no. sites min no. sites max 
Conventional 40 ha 4/ km
2
 1/ km
2
 68,000 272,000 
 
Table 7-10.  Traditional Soil Mapping 1:100,000 Site Numbers 
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For the purposes of this analysis, the following assumptions were made; 
• The legacy data has all been analysed using conventional wet chemistry (no 
MIR). 
• All costs are as per the local CSM-DSM comparison in section 7.4.1. 
• For the 80 m resolution v1.0 DSM, as described in chapter 5, there were 
various quantities of legacy calibration data available, depending upon soil 
attribute.  For clay content, which modelled reasonably well across the State, 
there were 1288 sites available; clay content sites are used for the cost 
analysis example. 
• Cost estimates are for a scenario where no samples exist; the legacy sites 
would need resampling. 
• Sampling covers substantial terrain and extent; no analysis of additional 
sampling times have been made. 
• CSM validation costs weren’t included, due to the high number of required 
sample sites in comparison to conventional validation rates. 
 
Table 7-11 shows the number of field sites and associated costs required to 
adequately map the entire State at 1:100,000 scale using CSM, compared to the 
actual number of legacy sites used for modelling clay content to standard depths. 
 
 Total no. 
of sites 
Sites per Day Total Field Days Cost per Field 
Day $(AUD) 
Total Cost 
$(AUD) 
CSM Min 68,000 10 6,800 709 4,821,200 
CSM Max 272,000 10 27,200 709 19,284,800 
DSM  1288 10 129 709 91,461 
 
Table 7-11.  CSM vs DSM for State-wide 80m resolution Mapping 
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Again using 1 to 5 % analyses rate of samples for each of 5 depths for the CSM 
approach, but undertaking chemical analysis for all the DSM sites (for 5 depths) for 
the DSM, Table 7-12  shows the comparable chemistry costs. 
 
 
 Total no. 
of sites 
Sites Rate 
(%) 
Number of 
Sample Depths 
Analyses Costs 
$(AUD) 
Total Cost 
$(AUD) 
CSM Min Sites/  
Max Analyses 
68,000 5 5 130 2,210,000 
CSM Min Sites/  
Min Analyses 
68,000 1 5 130 442,000 
CSM Max Sites/  
Min Analyses 
272,000 1 5 130 1,768,000 
CSM Max Sites/  
Max Analyses 
272,000 5 5 130 8,840,000 
DSM 1288 100 5 130 837,200 
 
Table 7-12.  CSM and DSM Comparative Chemistry Costs - Stae-wide 80m Resolution 
 
 
 
The total costs of repeating legacy sampling and analysis for different CSM scenarios, 
against DSM is shown in Table 7-13. 
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 Total Cost 
Analyses 
$(AUD) 
Total Cost 
Field Sampling 
$(AUD) 
Total Cost 
$(AUD) 
CSM Min Sites/  
Max Analyses 
2,210,000 4,821,200 7,031,200 
CSM Min Sites/  
Min Analyses 
442,000 4,821,200 5,263,200 
CSM Max Sites/  
Min Analyses 
1,768,000 19,284,800 21,052,800 
CSM Max Sites/  
Max Analyses 
8,840,000 19,284,800 28,124,800 
DSM 837,200 91,461 928,661 
 
Table 7-13.  DSM and CSM Comparable Costs - 80m Resolution State-wide mapping 
 
Table 7-13 shows a significant difference in costs using DSM than if clay content was 
to be mapped conventionally across the State.  However, some soil attributes had 
more legacy samples available, or would require considerably more sites for 
effective DSM modelling, so these figures could vary substantially.  In addition, cost 
reductions would be made if mapping agricultural areas only; however, it was the 
intention of this research to provide soils data for a multitude of uses, including 
those in natural, non-agricultural areas. 
Nonetheless, while the cost differences for DSM are relatively small to substantial in 
favour of DSM in the local, 30 m resolution pilot study, this regional resolution 
example shows that considerable savings can be made if modelling larger areas with 
sparse data.  This is expected to be even more exaggerated at continental to global 
extents for DSM.  The analysis also demonstrates the value of ‘rescuing’, retaining 
and harmonising soil legacy data (Rossiter, 2006), and the substantial dollar-value of 
spatial soil attribute data for producing functional soil property gridded-surfaces. 
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7.5 DSA End-User Evaluation 
In an additional study and evaluation, a small sample of the DSA pilot project end-
users were surveyed by Mort (2015) from three categories; consultation, policy and 
commercial.   
Specifically, these included; 
• Three private consultants (C1, 2, C3) 
• Three Government Policy Analysts (G1, G2, G3) 
• Two commercial farmers (F1, F2) 
Mort interviewed the above participants, asking a series of questions relating to 
initial impressions of the DSA mapping products, and whether they had utilised these 
resources.  Mort summarised the responses in Table 7-14. 
 
Reaction Participant Justification 
Positive 
 
 
 
 
 
 
 
 
 
 
 
Neutral 
 
 “I think all of Tasmania should be mapped this way…it should be a requisite 
for any water district that’s been established.” – F1 
“I thought it was a great thing, at least you’ve got that knowledge behind you 
that if you were thinking of diversifying into a different crop or into a different 
district, they’d be able to give us a good idea of what your farm or your area 
would be suitable for.” – F2 
“I thought they were a really good compilation of knowledge, of bringing all of 
that information together.” – G3 
“We try to point out that it’s not a definitive map, it’s still only a guide for 
them to go and say, there is potential but we’ll need to go and do some more 
detailed work there. We just try to steer them in the right direction.” – G1 
 “I’m a believer in them. I think the products are a sound product but whether 
the market takes them up…I think most of the map products may have a 
limited market locally.” – C2 
“We didn’t have a very good uptake…I think that whilst the data is very useful, 
we could do a lot more to spruik it and advertise it what it can be used for.” – 
G2 
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Negative 
 
“But trying to understand what the main limitations were and therefore 
whether you might be able to get around them…the system wasn’t really 
designed to go into (it) but it was what anybody who is wanting to do 
something would need to know.” – G3 
“I guess someone who is less experienced might find them useful but…it’s 
going to be a small component of the decision making, I think.” – C1 
“There hasn’t probably been enough focus on risk, particularly salinity…which 
I think is as important or probably more important…I think that they did 
possibly step a little bit across the line between decision aids to decision 
making tools.” – C3 
 
Table 7-14.  ESA End-User Impressions (adapted from Mort 2015) 
 
The responses were mostly positive with regards to the product impressions, but 
were rated from positive, to neutral, to negative depending on how the product 
utility was qualified.  The farmer group (F1 and F2) were generally the most positive, 
and recognised the usefulness of the products (Mort, 2015).  Government analysts 
recognised that the products were designed as a regional guide to indicate potential 
areas for more detailed soil analysis, but also that an important component is in 
extension of the products to end-users, which didn’t necessarily result in high uptake 
of the pilot project ESA products.  Two consultants (C1, C3) were the least positive, 
where C1 indicated that they might not be that useful for experienced agricultural 
practitioners, while C3 indicated the perception that sustainability issues such as 
salinity hadn’t been addressed.  Although a small sample, these survey outputs are 
consistent with additional considerations integrated into the expansion of the pilot 
project to state-wide. 
To try and stimulate greater uptake of end products, the Water for Profit Program 
has provided funding to the Tasmanian Farmer and Graziers Association (TFGA) to 
advertise, explain and extend the land suitability (DSA) components of the program 
using rural-based media, field days and workshops.  Additionally, as discussed in 
Chapter 6, soil vulnerability and sustainability assessments are also being 
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incorporated into the ESA rule-sets revisions, including soil sodicity, salinity, organic 
carbon loss, structure decline, and erosion by wind and water.  These will be 
assessed using the DSM outputs, and new analysis of water erosion potential by 
RUSLE (Renard et al., 1991), quantified using update land-use and land-cover 
remote-sensing. 
Further evaluation of v1.0 state-wide ESA mapping is being made in consultation 
with industry end-users, with these products supplied to a total of 56 Tasmanian 
‘experts’ to evaluate the suitability extents of all 20 enterprises, and whether the 
ESA rule-set parameter ranges are realistic and adequately reflecting Tasmanian 
conditions, productivity and management. 
7.6 Future Research in DSM/ DSA 
• As described by Robinson et al. (2015), there are many sources of error and 
uncertainty in DSM; these can include MIR calibration errors, laboratory and 
field measurement error, modelling errors, and PTF uncertainties.  Future 
work will be required that will integrate these into the overall estimation of 
DSM uncertainty, and how these propagate through the DSA process (Carré 
et al., 2007), such as the land suitability simulations discussed by Malone et 
al. (2015 in review).  
• In addition to incorporating uncertainties into the DSA process, further 
functions of these uncertainties become apparent.  The future operational 
soil sampling in Tasmania will use the combined uncertainties of the v1.0 
DSM surfaces to guide optimum sampling locations (with an aim of reducing 
the uncertainties in important areas).  Figure 7-3 shows the combined 
uncertainties for all v1.0 DSM grids, stretched to a percentage uncertainty, in 
addition to calibration site locations.  This will be guided by the EVI and 
MPGM to ensure sampling is occurring in high-valued agricultural areas, but 
also using soil vulnerability modelling (for example, RUSLE (Renard et al., 
1991; Renard et al., 1997; Millward and Mersey, 1999)) to ensure 
uncertainties are also low in fragile areas.  To reduce uncertainties, it will 
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intuitively be necessary to effectively sample the entire covariate 
distribution, as discussed in Chapter 2.  The challenge will be that as soon as 
samples are taken and incorporated into the modelling in highly uncertain 
areas, uncertainty could be reduced in similar areas, meaning that the next 
most-uncertain areas will need sampling; this will need to be an iterative 
approach that simulates the reduction in uncertainty as the sampling 
progresses. 
• As discussed in Chapter 5, the Cubist (RT) pedometric modelling approach 
provides outputs as ‘soil-formation’ rules, indicating the overall importance 
of each scorpan covariate, and how they contribute to explaining the spatial 
variation in each soil property.  This will either be as partitioning the models, 
or within the linear models within each partition, or both.  Further work 
could be undertaken to analyse and interpret how the covariates are 
explaining soil-landscape processes across the State (for example, soil 
sodicity and salinity in areas with < 700 mm yr-1 annual rainfall (Kidd, 2003)), 
to determine whether there are any previously undetermined patterns of 
soil-landscape formation processes due to covariable environmental factors, 
and to spatially improve current knowledge of soil formation processes.  As 
discussed by Gray et al. (2015), this is useful for educational processes, and 
understanding soil management factors at global, regional, and local scales. 
• When compared to the National Soil and Landscape Grids of Australia, the 
locally derived v1.0 grids for Tasmania show a greater level of detail with 
respect to landscape.  This is due in part to using locally-derived covariates, 
which have been developed over local conditions, rather than encompassing 
the broad range of values stretch across the entire Australian continent.  This 
is effectively consideration of neighbourhood size, which can be especially 
important for developing terrain derivative covariates (Smith et al., 2006).  
The modelling detail could also be due to the models being applied to more 
localised covariate conditions.  A method of capturing this observed 
improvement of detail would be to apply modelling within a ‘moving window’ 
(Walter et al., 2001), where the calibration is performed using an iterative 
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neighbourhood size, based on the number of calibration points.  Overlapping 
neighbourhoods would be automated to sequentially ‘move across’ and 
cover the entire model area, with outputs averaged to provide ‘smoother’ 
overlapping areas.  It is thought this approach would effectively capture local 
variation, and would therefore be an effective method for improving the 
National grids produced by Viscarra-Rossel (2015). 
• Some testing of the need to de-bias or de-cluster (Pyrcz and Deutsch, 2003) 
soil legacy site data for modelling also need further research.  Averaged 
Nearest Neighbour Analysis (Clark and Evans, 1954; Pinder and Witherick, 
1972) showed that clustering was evident with the legacy sites used for the 
v1.0 DSM, therefore, testing needs to determine the distribution of these 
sites in representing the covariate’s distributions, and if not representative, 
de-biasing of sites (by optimal ‘thinning’) may be necessary (Pyrcz and 
Deutsch, 2003).  However, when using the Cubist RT approach, this may not 
be necessary due to the data-mining capabilities of this algorithm; this will 
benefit from additional research and testing to determine the level of bias in 
Cubist outputs when calibration inputs are clustered. 
• As discussed, the suitability system used in this work (most-limiting-factor) 
needs to be updated to incorporate multi-parametric inputs, with expert-
based weighting depending on the potential management feasibility of any 
soil or climate limitation.  Potential areas of research applying DSM for land 
evaluation are using ALES (Automated Land Evaluation System (Rossiter, 
2003), software that allows users to develop expert-based land evaluation 
systems using the FAO (1976) guidelines. 
• Biophysical modelling (Rossiter, 2003) is another potentially powerful 
approach where the use of DSM can spatialise (pixel-by-pixel) many of the 
biophysical models used for crop simulations of yield, production and 
management-based scenarios.  For example, crop suitability could be 
determined through potential yield modelling, using a fixed and typical 
management regime.  However, changes to management could also be 
applied to the modelling to assess different management scenarios against 
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yield, potentially informing methods for achieving improved productivity.  
Temporal aspects, such as seasonal yield forecast could also be integrated 
with the spatial soil properties to develop powerful regional agricultural 
management tools. 
• Biophysical modelling would also include integration of the climate layers 
produced using similar DSM techniques (Webb et al., 2015) to improve 
resolution. 
• APSIM (Agricultural Production Systems Simulator) (Keating et al., 2003) 
widely used in Australia as a modelling ensemble capable of using detailed 
biophysical and socioeconomic data could also be effectively used for land 
evaluation, where the model is ‘looped’ through each DSM pixel to provide 
spatial functionality to this multi-parametric biophysical model. 
• As described by Jenny (1941), soil properties are intrinsically linked with the 
biophysical factors of soil formation, and therefore correlated with 
biodiversity.  The DSM surfaces could be modelled as covariates to provide 
spatial indication of biodiversity in high conservation areas, modelling various 
flora or fauna habitats and refugia, or areas susceptible to biosecurity threats 
due to optimum conditions for invasive species. 
• The v1.0 state-wide DSM surfaces will be sequentially updated (v1.0+) as 
operational sampling is undertaken over 2015 and 2016, and further legacy 
data capture is digitised into additional calibration sites.  New and improved 
covariates, through satellite imagery, LIDAR and elevation models will also be 
explored.  It is anticipated that v2.0 Tasmanian DSM products will be 
completed over the next two to three years. 
• The v1.0 DSM products are being tested at 30 m resolution using the 1 arc-
second SRTM-DEM (Gallant et al., 2011).  Further downscaling of the state-
wide maps to 5 m farm-scale resolution though integration of local electro-
magnetic induction survey data (Kidd, 2003; Triantafilis and Lesch, 2005; 
Triantafilis et al., 2009) would better inform localised agricultural 
management such as precision agriculture and irrigation scheduling.  This is 
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being developed and tested over 2015/ 2016 on various trial-sites around 
Tasmania through the ‘Sensor-smart Irrigation Project’ (Sense-T, 2015). 
 
 
 
Figure 7-3.  Combined Uncertainties - v1.0 DSM Mapping. 
 
7.7 Some Learnings on Developing Soil Agency-Based DSM Capacity 
Soil science, morphology, hydrology, survey and mapping require complex 
competencies.  DSM even more so, requiring additional skills in statistics, geo-
statistics, GIS, spatial modelling, remote-sensing, computer-coding, and soil science; 
however, for DSM/ DSA to become operational, the process needs to remain flexible 
and pragmatic.  End-products are becoming increasingly complex to interpret, 
 304 
 
generated for specific needs, many maps with attached underlying information (as 
per the ESA described here), or probability estimates included.  However, end-user 
type and needs are also changing, the products from conventional soil mapping have 
traditionally informed farmers in Tasmania; clients now include environmental and 
agricultural consultants, academics, regional natural resource management agencies, 
ecosystem researchers, economists, investors and planners.  The GSM project has 
stimulated interest in the production of functional soil grids within Government soil 
agencies in Australia and globally, and has been a major influence on the recently 
rapid development and uptake of DSM.  However, there is a very steep learning-
curve for soil-management and assessment agencies to adopt DSM and DSA 
approaches into operation.  The Australian Research Council (ARC) model of linking 
research with industry is invaluable for innovative development through testing 
academic outputs in real-world situations.  With much of the work presented in his 
thesis, the ARC Linkage Project (LP110200731, “Wealth from Water”) has linked 
university research with a State Government soil agency; this has stimulated rapid 
acceleration in learning and uptake of latest technologies into operational core 
business.  Conversely, there is also the mechanism for the agency to provide 
feedback and adaptations to universities to refine and develop methodologies so 
that they work in operation, within budget, resources, time and adaptive capacity of 
Government operatives.  Where transfer of knowledge occurs by formalised post-
graduate qualification to operatives, the research potential, practical application and 
development of the science is realised even more effectively.  Using the ARC system 
(or equivalent if existing in other parts of the world) is highly recommended to 
achieve not only favourable methodological advances and innovative integration of 
technologies into operation, but stimulate future research in topics and aspects of 
the science not previously identified by universities, where benefits therefore 
become mutual.  Where resistance to such technologies occurs, as evident with the 
uptake of DSM into Tasmanian (and Australian) soil science, scientific publication of 
methods and results is deemed crucial to facilitate acceptance, provide peer-
reviewed evidence of sound-science, and allay hesitation by policy and decision 
makers in Government to adopt such technologies into core-business and planning.   
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It is acknowledged that there is still scope for improvement of the Tasmanian DSM 
products, modelling diagnostics and validations, with uncertainties expected to 
improve (reduce) as strategic soil sampling is continued.  However, there will be a 
juncture where DSM uncertainties cannot be improved due to complex explanations 
of soil variability, such as microbial inputs, land management inputs, land use 
histories, and other biophysical interactions with soil formation processes (Malone 
et al., 2015 in review).  At the very least, the DSM methodologies and innovative 
technologies adapted into operational core-business in Tasmania have stimulated 
increased interest from politicians, policy and decision-makers, and subsequent 
funding into the collection of new soils data, which was previously in decline.  The 
quantitative and semi-quantitative, continuous mapping of functional 3D soil 
attribute maps and associated assessment products have reinvigorated Government 
funding for soil and land evaluation in Tasmania, answering the specific questions 
being asked to assist irrigated agricultural expansion, supporting rural economic 
stimulus and future food security in the State.  This is a good thing. 
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